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Abstract

Millions of people use machine translation
(MT) tools daily, yet little is known about their
perception of what systems can and cannot
do. This paper studies users’ mental models
of speech translation systems through a new
framework based on cross-lingual question an-
swering, where users either accept MT output
or request professional re-translation to answer
questions based on the information presented in
a foreign language. By analyzing user behavior
and accuracy trends across varying translation
qualities, we examine to what extent they can
predict where the system is likely to be wrong,
and how this mental model evolves. Users de-
velop stronger mental models with practice, es-
pecially when they have some knowledge of
the source language, primarily by relying on
surface-level error cues. Moreover, providing
speech transcriptions can help users develop
better mental models. Our results show the
promise of cross-lingual question answering
as a downstream task for studying MT mental
models, and advancing our understanding of
human—ATI collaboration.

1 Introduction

Millions of people use machine translation (MT)
tools daily, including in both casual (Calefato et al.,
2016; Xiao et al., 2025a) and high-stakes con-
texts where errors can have serious consequences
(Liebling et al., 2020; Nunes Vieira, 2024). To use
MT effectively, users must understand inputs and
scenarios where systems work reliably and where
they fail, so they can make informed choices about
e.g., when to trust outputs and when to seek human
translation. This is particularly needed in speech
translation, where audio inputs further amplify vari-
ability in output quality (Spechbach et al., 2019)
and reflect more realistic user scenarios. This un-
derstanding of a MT system’s strengths and limita-
tions is a much needed form of MT literacy (Bowker
and Ciro, 2019; O’Brien and Ehrensberger-Dow,
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Figure 1: Users’ mental model, or their understanding
of an MT system’s strengths and weaknesses, is essen-
tial for effectively integrating MT system’s output or
appropriately intervening on it. Geometric shapes in
the figure represent the features of input/output that the
users can use in updating their mental model of MT.

2020), and it forms the basis of users’ mental
models (MMs)—their internal understanding of
how an AI system works, when it succeeds or
fails, and how to act on its outputs (Norman, 1983;
Hoffman et al., 2023). Such models are critical
for integrating AT recommendations into decision-
making (De-Arteaga et al., 2020; Sieker et al.,
2024).

Despite its importance, the study of users’ men-
tal models in MT remains limited. The HCTI litera-
ture provides a starting point for studying the role
of MM in human-AT collaboration, but primarily fo-
cuses on classification and regression tasks, where
models have simpler error boundaries (Bansal et al.,
2019b; Kelly et al., 2023), and AI predictions di-
rectly align with the users’ decision needs (Liu
et al., 2024b; Vats et al., 2025). As a result, exist-
ing methods do not easily port to MT, where natural
language outputs can be imperfect in many ways,
and users must determine how to use them to make
informed downstream decisions.
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Question to be answered by QA system with Translated Passage

According to the passage, which of the following senses can be impaired by excessive alcohol consumption?

- O e Given the final English
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d) Smell
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Drink alcohol drinks in moderation. Alcohol has different effects on each person and it is very important to k

Click again to de last sentence with a
\@ professional, so that

QA system can get

correct answer

» 0:00/0:00

Among the health problems possible in the long term due to alcoholism, we can mention the damages on the liver, but aTso ~
cessation and death. Potential danger is increased in case of illegal alcohol consumption.

» 0:00/0:00

- lllegal spirits can contain various
even in small doses.

lllicit spirits can contain various dangerous impurities, including methanol, which can cause death or[death) even a small dose. N
21
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Figure 2: Our proposed framework for measuring and updating users’ mental models of MT system. (D: MT system
translates the source passage input. @: users decide which one among each segment to re-translate by a professional
translator, and which one to use as-is, forming the final passage. @®: the QA system does the QA consuming the
passage. @: the user’s reward is by the QA correctness minus how much they re-translated.

This paper seeks to understand and improve
users’ mental models of MT (Figure 1) by intro-
ducing a framework based on cross-lingual ques-
tion answering (QA), where users aim to maximize
task performance by either accepting MT output
as-is or intervening with professional re-translation.
This process naturally teaches them to recognize
MT’s error patterns and refine their mental models
(Figure 2). This downstream framing emphasizes
the “fitness for purpose” of translations, and en-
courages users to do a cost-benefit analysis of the
impact of potential errors on answers, rather than
assessing MT quality in isolation (Mehandru et al.,
2023; Xiao et al., 2025a). In this setup, users’ ef-
forts to maximize task performance naturally reveal
how they form and refine their mental models over
the course of the task.

This framework lets us study human MMs for
speech translation, and investigate how different
factors impact their formation: users’ language pro-
ficiency, input/output features they rely on, and
types of interventions most effective for updating
MMs. As we will see, users refine their MMs over
time (§5.1): fluent and intermediate users had con-
sistent improvements, but basic users struggled to
update their models (§5.2). When examining er-
ror features, users were most responsive to output
surface-level cues such as incompleteness, while
topic-related errors remained the hardest to detect
(§5.3). Finally, transcription explanation proved
most effective by offering additional clues about
error sources, while error span explanation boosted
accuracy but encouraged over-reliance, limiting
MM development (§5.4).

Overall, this work introduces a concrete frame-
work to measure users’ mental models of MT sys-
tems, and provides a foundation for exploring how
to promote MT literacy and appropriate MM de-
velopment in the wild, and for studying MM for a
broader range of generation tasks such as summa-
rization, research, and dialogue.

2 Mental Model for Machine Translation

We first review how mental models have been de-
fined and studied in prior work (§2.1), and then
describe how we design our study to investigate
mental models in the context of MT (§2.2).

2.1 Background and Prior Work

Conceptualizations of mental models have been
introduced in contexts ranging from cognitive psy-
chology (Norman, 1983; Klein and Hoffman, 2008;
lida et al., 2024) to explainable AT (Miller, 2018;
Mueller et al., 2019; Brachman et al., 2025). We
adopt the definition of users’ mental models of an
Al system as their understanding of its capabilities
and limitations: its strengths, weaknesses, and the
boundaries of its errors (Bansal et al., 2019a; Kelly
et al., 2023; Vats et al., 2025).

Previous studies place users in human—AI col-
laborative tasks, where participants are rewarded
for making decisions that reflect appropriate ex-
pectations of the system’s successes and failures.
Kelly et al. (2023) asked participants to predict
an AI agent’s accuracy across rounds of 12 trivia
questions, with rewards tied to how closely their
estimates matched actual performance—thus cap-
turing their mental model of the system. In Bansal
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et al. (2019a,b), participants were tasked with a
binary decision of determining whether an object
was defective, guided by recommendations from
an AI system. They could accept or override the
recommendation, with monetary rewards reflect-
ing correct choices and steep penalties for errors,
simulating high-stakes decision-making.

However, they focus on a classification task in
which the system directly provides a decision to
the user, a setup that does not align with MT. We
address this gap by proposing a new approach to
measuring and developing users’ mental models in
MT (Section 2.2).

2.2 Measuring Mental Models for MT
Systems in Human+MT Context

A key question in our study is how to meaning-
fully assess users’ mental models of MT. There
are several ways to do that. One straightforward
suggestion is to present both the source and its
translated version, then ask the user to evaluate
how well the source has been rendered, similar to a
quality estimation (QE) task but with a human (Spe-
cia et al., 2010; Callison-Burch et al., 2012). The
user’s assessment can be compared to actual metric
scores and rewarded if their predictions are close,
as in Kelly et al. (2023).

However, this setup may not fully align with real-
world usage, as what makes a translation “good” by
standard metrics does not necessarily reflect what
users find “useful”. In other words, standard met-
rics can overlook whether the MT quality is “good
enough”. For instance, generic measures may flag
case disagreement or other minor stylistic issues
but overlook critical errors from a user’s perspec-
tive (Tomita et al., 1993; Krubinski et al., 2021;
Han et al., 2022). If we want to measure useful-
ness, we need to assess “fitness for purpose”—how
well a translation supports a downstream task the
user cares about—rather than simply how accu-
rately it predicts a quality score (Hovy et al., 2002;
Bowker, 2010; Liu et al., 2024a). Thus, focusing
on utility—while also prompting users to weigh
the potential impact of translation errors on their
decisions—may be more valuable than intrinsic
definitions of translation quality, especially in MT
as an intermediate tool scenario (Mehandru et al.,
2023; Xiao et al., 2025a).

As an alternative to a QE-based setup, we pro-
pose to use a cross-lingual downstream task to
measure the mental model of machine transla-
tion, where users can naturally learn to recognize

MT’s error patterns and refine their mental mod-
els. We choose reading comprehension question
answering as a downstream task because it can
measure translation quality by testing whether key
information is preserved well enough to answer the
question, thereby emphasizing quality as fitness for
purpose (Jones et al., 2005; Moghe et al., 2023;
Agrawal et al., 2024; Ki et al., 2025). The user sees
the non-English source information and its trans-
lated English version. The goal is to complete a QA
task using the translated English passage as effec-
tively as possible. But the translation is not static:
for each translation segment (here, individual sen-
tences), users can either accept the MT output as is
or request a re-translation by a “professional” (i.e.,
get a gold reference translation).

To control for the possibility that users might
answer questions using world knowledge rather
than the translation, we rely on a fixed QA sys-
tem, which isolates the influence of their MMs of
MT. The reward is determined by whether the QA
system answers correctly given the final translated
input. To prevent users from getting professional
translations for everything, the reward decreases
every time they request a re-translation from a base
reward.

3 Key Research Questions

We explore three primary research questions: how
language proficiency affects the evaluation and
development of mental models (§3.1), which in-
put/output features users rely on to develop and
update their mental models (§3.2), and what types
of explanation are most effective for updating a
mental model (§3.3).

3.1 RQ1: How Does Language Proficiency
Affect Development of Mental Models?

Prior work shows that users who are not bilin-
gual struggle to assess MT outputs (Xiao et al.,
2025b) and that interventions based on quality es-
timation and backtranslation affect reliance incon-
sistently, depending on fluency (Mehandru et al.,
2023; Zouhar et al., 2021). In this work, we study
how mental models develop as a function of source-
language proficiency. This can help us understand
user decisions at a finer-grained level and inform
training strategies to promote more appropriate re-
liance in the future.
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3.2 RQ2: Which Input/Output Features Do
Users Rely On to Update Their MM?

To understand which characteristics they usually
rely on to detect errors and update their mental
model, we categorize input and output features of
naturally occurring speech translation errors. We
focus on four main categories: translation errors
containing rare words or named entities, inputs
with phonetic ambiguities or noise, domain-specific
errors, and outputs that exhibit incompleteness or
unnaturalness."

Source speech containing rare words or named
entities often leads to errors in translation sys-
tems, particularly when contextual cues are lim-
ited (Gaido et al., 2021). Phonetic ambiguities
or noisy inputs are also a key weakness of speech
translation systems (Anwar et al., 2023; Mirzayev,
2025). As noted by Irvine et al. (2013), domain-
specific errors occur when the system struggles
more in certain topics (e.g., sports) while translat-
ing more reliably in others (e.g., science). Finally,
incompleteness or unnaturalness in translation
is often the easiest indicator of error for users to
detect (Martindale and Carpuat, 2018).

While we do not explicitly prime participants
with these features during the task, we also gather
their reflections in a post-survey on “what charac-
teristics they have learned to look for when identify-
ing incorrect translations” to cross-check whether
the categories we observe in error analysis are also
salient to participants in forming or updating their
mental models of the system.

3.3 RQ3: What Type of Explanation Is Most
Effective for Updating Mental Models?

Providing appropriate explanations can improve
users’ ability to understand and predict system be-
havior, as clear feedback can help them make sense
of complex models (Rutjes et al., 2019; Xie et al.,
2022). Building on this, we investigate which types
of translation explanations most effectively help
users build and refine their MMs of an MT system.

Among several types of explanations that a ma-
chine translation model can generate by itself, we
choose transcriptions as internal explanations that
can be directly produced by the speech translation
model. The transcription provides insights into
how the model processes and represents the source

'We identified these four major categories based on our
preliminary error analysis and prior literature about MT errors.
More details in Section 4.1

inputs. Even when the transcription is not explic-
itly used to generate translation, it offers clues for
errors stemming from wrong audio representation
and its possible improvements in translation (Dou
et al., 2025).

Beyond explanations generated by the speech
translation model itself, external models such as
quality estimation (QE) can also provide insights.
These models output segment-level scores and high-
light error spans, helping users spot unreliable
translations. In our setup, we use error spans—
highlighted segments of the translation that con-
tain errors—as external explanations (Zouhar et al.,
2021; Briakou et al., 2023), since an overall score
alone is often not reliable or useful to support users’
understanding and MM development (Mehandru
et al., 2023; Ki et al., 2025). We compare a base-
line with no explanations against conditions that
provide transcriptions and error spans as local ex-
planations.

4 User Study Design

This section outlines the user study setup to ad-
dress our research questions. We describe how
we curated the question set to present to partic-
ipants for effectively evaluating and developing
their mental models, considering translation error
features (§4.1). We then detail the interface in our
experiments (§4.2). Finally, we describe the partic-
ipants and their proficiency groups (§4.3).

4.1 Curation of QA Set

We curated 16 reading comprehension sets from
2M-BELEBELE (Costa-jussa et al., 2025), where
each passage consists of French audio sentences
and is paired with an English multiple-choice ques-
tion. We begin with question sets that Mistral-
7B2(J iang et al., 2023, as QA model) answers cor-
rectly when provided with a gold English passage.
Each French speech sentence is translated into En-
glish text using Whisper (Radford et al., 2022),
a widely adopted speech translation system. We
then provide the translated passage along with the
corresponding multiple-choice question to the QA
model to do the reading comprehension task and
record the system’s multiple-choice response. We
further apply category classification® (Wettig et al.,
2025) to each passage and collect XCOMET scores

’mistralai/Mistral-7B-Instruct-vo.3
3WebOrganizer/TopicClassifier-NoURL
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(Guerreiro et al., 2024) based on gold English tran-
scription and translation output.

Based on the set where the QA model is correct
with the gold English passage but fails with the
translated English passage, we run a preliminary
analysis of speech translation errors that cause the
QA system to fail and manually categorize them
into groups. From the topic-wise analysis, trans-
lations in the Sports domain tend to score lower,
while Science translations are higher. We thus
narrow the scope to these two domains, treating
Sports as more translation-challenging and Sci-
ence as comparatively easier. Finally, we identify
four major categories, as described in Section 3.2.
Among the questions where translation errors lead
to incorrect QA answers, we select 11 examples in
which the feature categories are evenly represented,
except for the topic, which is dominated by Sports.
In contrast, we select five correctly translated ques-
tions, which are largely drawn from the Science
domain.

4.2 Experiment Design

Interface. We implement an interface to train
and test users’ mental models of MT. The interface
presents segment-level pairs of French audio and
machine-translated English text along with read-
ing comprehension multiple-choice questions (Fig-
ure 2). Users are instructed to select only trans-
lations that they believe require professional re-
translation to ensure the QA system will produce
correct answers based on the translated input.

Rewards. If the QA system answers correctly
with the final passage, the user’s score increases by
the calculated reward. However, if the user fails
to identify the problematic sentence containing a
critical error causing a QA error (recall that the
QA system by construction is correct on gold ques-
tion translations), they lose six points. To discour-
age excessive re-translation requests, each request
deducts points proportionally from the base reward
of 12, depending on the number of sentences se-
lected (e.g., selecting one of four sentences low-
ers the reward to nine, while selecting two low-
ers it to six); if all sentences are selected, the re-
ward collapses to zero. The maximum possible
score for each question is therefore achieved by
re-translating only the minimal necessary segment
(usually one).

Explanation. We also experiment with addi-
tional forms of explanation—transcriptions and er-

Assist () Basic Intermediate  Fluent All
Default 5 5 5 15
Transcription 4 6 5 15
Error Span 4 7 4 15
All 13 18 14 45

Table 1: Distribution of participants by French (source
language) proficiency and the assistance experimental
group with kinds of explanation. Most participants are
proficient English (target language) speakers.

ror spans (Section 3.3)—to examine what types of
explanation are most effective for updating a men-
tal model. XCOMET extracts the error spans based
on the gold English transcription and the speech-
translated text, and transcriptions are generated by
the same speech translation model. Users are auto-
matically assigned to three different experimental
conditions: Default (no explanation), Transcription,
and Error span. In the transcription condition, the
text is displayed beneath the audio, while in the
error-span condition, users see highlighted spans
indicating the detected errors in the translated text.

4.3 Defining Source Language Proficiency

We ran user studies with crowd workers on Pro-
lific* representing a diverse range of source-
language fluency. The post-survey asks participants
about their French proficiency. We also include
four quality estimation (QE) tasks, presented before
every four QA tasks, where participants rate the ad-
equacy of the translation on a 1-6 scale (Figure 6).
We compare their QE ratings with the converted
XCOMET scores to assess user performance. Based
on their self-reported proficiency and QE perfor-
mance, we divide participants into three groups:
basic, intermediate, and fluent (Table 1; QE setup
and proficiency grouping detailed in Appendix A).

S Results: Participants Build MMs of MT

This section presents our main findings on how
users form and refine their mental models of the MT
system. Users build better mental models as they
gain experience with the system and the task (§5.1).
Next, higher language proficiency leads to better
mental models (§5.2). We then investigate which
input/output features users rely on when develop-
ing and updating their mental models (§5.3). Fi-
nally, we assess that transcription explanation is
more effective in supporting mental model updates

*https://www.prolific.com/
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Figure 3: As participants progress, reward and accuracy increase (left, middle). Simple regret (maximum possible
reward — actual reward) decreases as users become more precise in selecting only the problematic sentences (right).
The slope values reflect the average change with each additional question. Participants progressively learn about the
MT system over the course of the task, developing better mental models.

for speech translation than error span explanation
(§5.4). Additionally, we present key phrases ex-
tracted from users’ reflection notes (Appendix 6).

5.1 Participants Gradually Update their MMs

Figure 3 shows overall trends in three key metrics
across all participants: reward, question accuracy,
and simple regret (defined as the difference be-
tween the maximum possible reward and the actual
reward; lower is better). Figure 3a and 3b present
regression plots of reward and accuracy per ques-
tion (higher is better), while Figure 3¢ shows a re-
gression plot of simple regret. The slope value in
the legend of each plot reflects the average change
with each additional question. Especially, a nega-
tive slope in simple regret indicates that the user
is approaching the optimal score by requesting re-
translations only when necessary and avoiding re-
dundant or incorrect selections, signaling that they
are refining their mental models. In contrast, a
positive slope suggests limited or no learning.

Overall positive slopes in reward and accuracy
and negative slopes in simple regret suggest that
users gradually refine their mental models, en-
abling them to better identify MT errors that cause
the QA system to fail.

5.2 A Little Bilingualism Goes a Long Way

While the overall trends suggest that users refine
their mental models over time, Figure 3 also high-
lights differences across proficiency groups.

For reward and QA accuracy, fluent and inter-
mediate users both show stronger positive slopes,
while the basic group shows a flatter (Figure 3b)
or even negative (Figure 3a) slope. In simple re-

gret (Figure 3c), the basic group shows an upward
trend, which reflects that they struggled to properly
develop a mental model of the MT system; instead,
they tend to select more sentences to avoid penal-
ties from the incorrect QA outcome. Overall, the in-
termediate fluency group shows even steeper slopes
compared to fluent users. One possible explanation
is that fluent participants do well from the outset,
even without fully developing their mental models,
whereas intermediate users initially struggle but
quickly learn to recognize the traits where the MT
system fails and improve more rapidly. In sum-
mary, higher source-language proficiency leads
to better mental models of the translation system.

5.3 Feature-Specific Trends in MM Updates

We group the question set according to the four
input/output (1/0) features of MT errors categorized
in Section 3.2, and analyze the trends of simple
regret within those groups to identify which fea-
tures are most salient for users when updating their
mental models (Figure 4).

We analyze both the slopes of simple regret
across corresponding questions’ order (Figure 4a)
and the overall average simple regret (Figure 4b).>
Across all users, incompleteness/unnaturalness and
phonetic similarity or noisy speech show the steep-
est negative slopes, meaning that these features are
easy for users to pick up and use when updating
their mental models of MT, allowing them to re-
spond more effectively when encountering similar
cases in the future. In particular, the salience of

The slope, as described in Section 5.1, reflects the average
change in performance per question, with negative values
indicating a desirable trend toward optimal rewards.
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Figure 4: Simple regret (maximum possible reward — actual reward) trends within the questions associated with each
input/output feature of MT errors. The slope value (left) reflects the average change with each additional question.
The incompleteness/unnaturalness and phonetic similarity or noisy speech with the steeper slope values are salient
features of MT errors that users readily pick up on to update their mental models, whereas topic-related errors are
the hardest for users to detect and leverage in this process.

incompleteness/unnaturalness aligns with Martin-
dale and Carpuat (2018), which shows users are
particularly reactive to disfluent translations.

Rare words or named entities show the flattest
slopes; however, their mean value (right-most bars
in Figure 4b) is already the lowest for basic and
intermediate users, suggesting that users relied on
this feature from the beginning.

The topic-related feature shows the second-
flattest slopes and the highest overall average regret.
We conjecture that this is because, even though par-
ticipants are primed that the topic will be either
sports or science, it is difficult for them to rec-
ognize the specific topic of a passage during the
experiment unless it is explicitly indicated. As a
result, topic-related errors are the hardest feature
for users to detect and leverage when updating their
mental models, while incompleteness/unnatural-
ness and phonetic noise are the most salient to
users.

5.4 Useful Explanation for Better MM

Table 2 presents the results of different types of
explanation—default (no additional support), tran-
scription, and error span—on participants’ final
accumulated scores and overall QA accuracy.6

For final scores (upper), ASR transcription
yielded the highest average across all users (49.80),
while also improving overall accuracy (from
64.58% to 67.99%). This suggests that presenting
the transcription alongside the translation provides
users with additional clues about how translation er-
rors may stem from incorrect audio representations,

®The plots with statistical significance analysis are in Ap-
pendix B, supporting meaningful difference between condi-
tions and proficiency.

Final Score

Condition () Basic Intermediate  Fluent All
Default 39.60 30.00 71.00 46.87
Transcription ~ 34.00 56.67 5420 49.80
Error Span 41.75 34.14 43.00 38.53
All 38.54 40.50 57.00 45.07

Overall Accuracy (%)

Condition (}) Basic Intermediate  Fluent All
Default 63.75 60.00 70.00 64.58
Transcription  60.94 71.02 70.00  67.99
Error Span 68.75 71.43 68.75  70.00
All 64.42 68.12 69.64 67.52

Table 2: Comparison of final scores and overall accuracy
across three explanation conditions: default, transcrip-
tion, and error span. Transcription provides the greatest
benefit for intermediate users, while error spans increase
accuracy but reduce rewards due to over-selection, lim-
iting effective mental model development.

which in turn helps them better understand the
speech translation system’s behavior and develop
more refined mental models. The improvements
are most prominent for intermediate French pro-
ficiency users, while performance for fluent users
even decreases. One possible explanation is that
achieving the highest level of performance requires
careful listening to the audio, but the presence of
ASR transcriptions may reduce the tendency to play
and attend to the audio. As a result, fluent users
might rely too heavily on the transcription, which
limits their performance gains.

Error span explanation, on the other hand, yields
the highest accuracy (70%) but the lowest final
score (38.53). This pattern arises because users
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Figure 5: Key phrases from participants’ reflections on
the speech translation system’s error patterns and their
identifying cues for updating their MMs. These align
with our predefined input/output feature categories.

often select any highlighted span, which increases
correctness but also leads to frequent re-translation
requests and consequently lower rewards, as simi-
larly noted by Sarti et al. (2025). While error spans
help users achieve higher accuracy in this setup,
they do not necessarily support the development of
a robust mental model of the MT system.

Overall, transcription explanation is more effec-
tive, especially for intermediate proficiency users,
while error span is less suitable for supporting the
development of well-formed MMs.

6 Analysis on User’s Reflection

At the end of the survey, participants were asked
to reflect on the types of errors the MT system is
likely to make and the characteristics they learned
to look for when identifying incorrect translations.
We manually analyzed the key phrases in these
reflection notes and grouped them into categories,
shown in Figure 5. The most frequently mentioned
issue was unnatural literal translation, aligning with
our earlier analysis of the most salient features
(§5.3). Overall, we find that the traits users identify
when updating their mental models align closely
with our predefined categories of 1/0 features.

7 Related Work

Mental Model. A mental model can be under-
stood as a general cognitive construct that people
form through their interactions with the world, in-
cluding others, themselves, the tasks they do, and
the topics they learn. These models provide both
predictive and explanatory power for making sense
of such interactions (Norman, 1983; Kumar et al.,

2023). In explainable AI, a mental model refers
to how users understand both the functioning of
the AI system and the conditions under which it is
applied (Miller, 2018; Mueller et al., 2019).
Mental models are closely linked to trust and
transparency in AI systems, highlighting the im-
portance of users’ understanding in anticipating
system failures (Vats et al., 2025). Strengthen-
ing this mutual understanding between humans
and AI has been shown to improve collabora-
tive performance (Tabrez et al., 2020; Hoffman
et al., 2023). Especially in recent days, as model
complexity increases, the explainability of predic-
tions—through transparency, interpretability, and
accessibility—has become increasingly important
for enabling users to build accurate mental models
that closely reflect the systems’ actual capabili-
ties (Anderson et al., 2020; Sieker et al., 2024).

Human-MT Collaboration. As a widely used
AT technology, machine translation (MT) is a com-
mon case of human-AI collaboration in the real
world, facilitating communication in multilingual
settings (Calefato et al., 2016), and even in high-
stakes domains like healthcare, law, and immigra-
tion (Liebling et al., 2020; Nunes Vieira, 2024;
Vieira et al., 2021). However, studies of human-MT
collaboration have historically focused on profes-
sional translators (Hutchins, 2001; Cadwell et al.,
2016; O’Brien, 2024; Scansani et al., 2019; Sarti
et al., 2025), and the growing population of lay
users remains understudied (Savoldi et al., 2025;
Kenny et al., 2022). Recent work in this space
has focused on exploring the specificities of post-
editing by non-experts (Koehn, 2010; Bawden et al.,
2024; O’Brien et al., 2018), and on developing
quality feedback mechanisms to help users decide
whether a given output is safe to use or not (Zouhar
et al., 2021; Mehandru et al., 2023; Ki et al., 2025).
However, these feedback mechanisms remain im-
perfect, are not available in generic translation apps,
and are almost exclusively focused on text trans-
lation. This paper thus takes a complementary ap-
proach and seeks to get to the root of the problem
by first measuring how people understand MT be-
havior, focusing on the challenging case of speech
translation.

Furthermore, the cross-lingual QA framework
introduced here could motivate future interventions
to promote MT literacy. While existing MT literacy
education focuses on telling users where MT can
go wrong (Bowker and Ciro, 2019), our framework
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lets them experience errors and their consequences
for themselves in controlled settings, and calibrate
their MM through interactions.

8 Conclusion

To understand and improve users’ mental models
of machine translation systems, we propose a cross-
lingual QA framework investigating how users per-
ceive MT error tendencies and how their mental
models evolve through interaction. Our findings
show that users refine their mental models over
time, with fluent and intermediate users demon-
strating consistent improvements while basic users
struggle to adapt. Error cues that are used to up-
date their mental models, such as incompleteness
and phonetic noise, were the most salient features,
whereas topic-related errors remained the hardest
to detect. Finally, transcription explanation is ef-
fective in supporting accurate mental model devel-
opment, while error span highlighting encourages
over-reliance.

Together, our study highlights promising direc-
tions for designing MT systems and interfaces that
better support users in building accurate and ro-
bust mental models, opening new possibilities for
extending mental model research beyond MT and
toward deeper aspects of user understanding. In
particular, our experiments show that the QA-tasked
game framework is a promising interactive way
to improve people’s MT literacy, especially for in-
termediate and bilingual users, and that existing
tools can provide useful explanations in the form
of transcriptions. Yet, it opens up future challenges:
how to support users with no source-language pro-
ficiency and how to encourage attention to input
features that strongly influence AI outputs.

Limitations

We only experimented with French as the source
language. While French offers a useful test case
due to its availability in multilingual benchmarks,
our findings may not fully generalize to other lan-
guages, especially those that differ more signifi-
cantly from English in terms of phonetics, morphol-
ogy, or domain coverage. We consider it promising
that our framework shows users’ ability to build
mental models in French, so future work should
extend this framework to a broader set of languages
to study the robustness of our conclusions.

Both the number of questions and the number
of participants in our experiment were limited due

to resource constraints. While the small sample
size can limit statistical power and the diversity of
strategies observed across users, our analysis in Ap-
pendix B shows that the key results are statistically
significant and thus meaningful. Still, scaling up
the dataset and recruiting a larger, more varied par-
ticipant pool would enable more reliable estimates
and a richer understanding of how different user
groups develop mental models.

Ethics Statement

Participants were compensated $10 per set that
takes up to 40 minutes to complete, and this rate
is above our region’s hourly minimum wage. The
institutional review board (IRB) at our institution
approved our study, confirming that potential risks
were appropriately managed. Participants were
explicitly informed that they would be part of a
research study, and the study proceeded only after
giving their consent. Recruitment was determined
by participants’ proficiency in English and French
on the crowdsourcing platform, regardless of de-
mographic or geographic characteristics. We will
release no PII from participants. Appendix C has
all instructions shown to participants. We use Al
assistants to partially refine or polish writing at the
sentence level (e.g., fixing grammar, re-wording
sentences).
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A Additional Details of Quality
Estimation Setup and Proficiency Level

In our post-survey, we ask participants to self-
assess their source language (French) proficiency
on a five-point scale (Figure 7). We group the first
three responses as basic, the fourth as intermediate,
and the fifth as fluent. Since self-reported language
proficiency is often unreliable (Tomoschuk et al.,
2019; Edele et al., 2015), we adjust participants’
proficiency levels based on their QE performance
rather than using raw survey responses. As de-
scribed in Section 4.3, each participant completes
four QE tasks (one before every four QA tasks),
in which they rated translation adequacy on a 1-6
scale for each segment (Figure 6). In parallel, we
compute XCOMET scores for the gold English tran-
scription and the translated text (Section 4.2), con-
verted to a 1-6 scale (Table 3). Participants’ accu-
mulated differences between their ratings and the
XCOMET scores serve as their QE performance.

Based on this measure, we adjust initial profi-
ciency groups: advanced participants with accu-
mulated differences above 30 are demoted to in-
termediate; intermediate participants above 40 are
demoted to basic; intermediate participants below
20 are promoted to advanced; and basic participants
below 30 are promoted to intermediate. The final
distribution of adjusted proficiency groups appears
in Table 1.

Range of x Scale
x < 0.60 1
0.60 <z <080 2
080 <x<090 3
090<z<09 4
0.95<x<098 5
x> 0.98 6

Table 3: Mapping from XCOMET score x to 1-6 scale.

B Statistical Significance

We present statistical tests of user scores across
proficiency levels (Figure 8). Scores for fluent
users differ meaningfully from those of both basic
and intermediate groups, while intermediate users
perform slightly better than basic users, though
the difference is not substantial. To examine the
role of explanation, we compare user scores across
assistance conditions (Figure 9), focusing on the

How good do you think these translation are?

Use the scale from 1 to 6 to reflect your thoughts where 1 being poor and 6

being excellent. Overall, if you think the translation needs to be re-trz )
elect 1-3 while if you think it is

are not sure, select 3 or 4, but try to guess at your best whether the

translation is good enough or needs to be re-translated!

. If you

Select Quality Scores

Source Machine Translated

Robin Utapa got the highest
score of the rounds, 70 points
with only 41 bullets, by hitting 11
times 4 runs and 2 times 6 runs.

[¢]

Figure 6: Interface of the additional quality estima-
tion task. Every four QA items, we ask users to rate
the speech translation before answering the QA task.
These QE ratings are later used to estimate their source-
language fluency.

» 0:00/0:00

Post Survey

1. What is your native language(s)? |e.g. English, Spanish, Fre

2. How would you rate your proficiency in French?
Please check the statement that best describes your proficiency level.

O | cannot understand any French words or sentences at all.

O can read some French words and very simple sentences, such as greetings and common expressions.
Ol can read short, simple texts in French, such as messages from friends.

O can read French texts about everyday life, such as short novels or news articles.

O can read long and difficult texts in French without help.

Figure 7: Part of our post-survey, asking about French
proficiency.

intermediate group to control for proficiency ef-
fects. Transcription explanation shows clear im-
provement over the default condition and performs
better than error span explanations, whereas error
span yields higher scores than the no-explanation
baseline, but the difference is not statistically mean-
ingful. This supports our conclusion that transcrip-
tion explanation effectively helps users refine their
mental models, whereas error spans are less suit-
able for fostering well-formed ones.

C Details of Interface

We provide the main instructions shown to the users
(D.1) and the instructions for collecting the reflec-
tion notes (D.2).

D Dataset Details

For our studies, we used 16 reading comprehension
sets from 2M-BELEBELE (Costa-jussa et al., 2025).
All data is in English or French. The dataset is
publicly available and our usage in this paper is
thus within its intended use. We did not collect the
dataset ourselves, so we did not check it for PII.
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User Score

Basic Intermediate Fluent
Proficiency Level

Figure 8: User scores across proficiency levels. * indi-
cates p-value < 0.05.

*

|
*
.ﬂ—.

Default Transcription Error Span
Assistance Types

User Score

Figure 9: User scores across explanation conditions for
intermediate participants. * indicates p-value < 0.05.

D.1: Main Instruction

Machine translated passage will be consumed by the ques-
tion answering (QA) system to answer the question. Select
only the sentences that you believe need to be re-translated
by a professional translator because they may have MT er-
rors in key information, so that the QA system can answer
the question correctly with the final passage. If you think
a machine translated sentence is good enough to use as-is,
it’s better not to select it to maximize your reward: even in
| some cases, selecting nothing is okay.

D.2: Instruction for Reflection Note

Playing the game with these questions in mind will help
you make better decisions. We encourage you to jot down a
brief note after each item as a reflection. You’ll revisit these
same questions at the end of the game.

1. What kinds of things do you think the MT system used
here is likely to handle correctly or incorrectly?

2. What types of errors do you think this MT system is prone
to make?

3. What characteristics have you learned to look for when
Lidentifying incorrect translations?
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