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Abstract

A socio-technical gap exists between how NLP
systems are developed and evaluated and how
people use them in practice. To help close this
gap, I propose a direction for scientific progress
in NLP centered on advancing trustworthy AI-
mediated communication between humans, us-
ing cross-lingual and cross-cultural interaction
as a stress test for this goal—settings where
common ground is hard-won, miscommunica-
tion can go unnoticed, and human users often
lack the means to independently evaluate AI
outputs. I outline a research agenda empha-
sizing two complementary requirements span-
ning both sides of the interaction. On the
model side, I study how multilingual systems
access and use knowledge across languages,
and when they systematically privilege sources
in certain languages. On the user side, I de-
sign decision-support mechanisms and evalu-
ate how they shape user’s reliance on imperfect
outputs. Taken together, these results motivate
future work for aligning multilingual NLP with
real communicative practice, with the goal of
building AI systems that more reliably serve
diverse communities. This paper summarizes
and draws heavily on my PhD thesis proposal.

1 Introduction

Communication across linguistic and cultural
boundaries has long been central to human soci-
ety—enabling trade, diplomacy, and everyday re-
lationships (Pratt, 1991). Throughout history, hu-
mans have devised various ways to bridge these
divides, including more recent developments in
Natural Language Processing (NLP) for contribut-
ing multilingual Artificial Intelligence (AI) sys-
tems that mediate communication at scale. As
these systems have been trained on increasingly
diverse multilingual corpora (Conneau and Lam-
ple, 2019; Conneau et al., 2020), they have grown
from supporting simple Machine Translation (MT)
into general-purpose models used for a wider range

of cross-lingual and cross-cultural support. People
now use them in diverse communicative settings:
from direct mediation of conversations between
speakers without a shared language to more indi-
rect assistance for interpreting unfamiliar cultural
practices (Tamkin et al., 2024).

This shift also creates a mismatch with how
progress in multilingual NLP is often measured.
Despite widespread real-world use, many systems
are still optimized and validated primarily via
average performance on decontextualized bench-
marks (Ackerman, 2000), which tend to reward flu-
ent and adequate-sounding outputs (Bender et al.,
2021a). Yet uneven capabilities and behaviors
across languages remain visible (e.g., MT (Goyal
et al., 2022), Question-Answering (QA, Li et al.
(2025b))), and these systems are still under-tested
in more open-ended communicative settings users
now attempt, such as language learning and multi-
turn interaction. Therefore, it remains difficult to
characterize their impact in practice: how users per-
ceive, interpret, and act on system outputs in real-
world downstream decisions (Lee and See (2004)).

With this motivation, I argue that advancing
trustworthy AI-mediated communication across
languages and cultures is needed (§2.1). Here,
trustworthiness is not achieved by building more
capable models alone, nor by placing the burden on
users to independently vet system outputs (§2.2).
Instead, it requires complementary progress on
both sides of the interaction: models that can help
users establish common ground across differences
in backgrounds and communicative goals (Clark
and Schaefer, 1989), and user-facing designs and
interaction strategies that support users’ informed
reliance on inevitably imperfect outputs. This pa-
per investigates work along both threads.

On the model side, I begin with a core re-
quirement for multilingual systems acting as com-
munication mediators: knowledge parity across
any languages and cultures (§3.1-3.2). The claim
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is not simply that systems should achieve high task
performance, but that they should ground their out-
puts in evidence in ways that give users equitable
access to multilingual knowledge sources (Blasi
et al., 2022), without systematically privileging
certain languages during generation. To examine
this, we develop a framework for measuring how
models rely on multilingual evidence in retrieval-
augmented generation (RAG) pipelines and empiri-
cally show a strong preference for English sources,
even when they are irrelevant to user query (§3.3).

On the user side, trustworthy mediation also
requires empowering the communication partic-
ipants (§4.1). Yet using AI reliably is uniquely
challenging in cross-lingual settings: users often
lack practical ways to independently assess system
outputs (e.g., evaluating a translation in a language
they do not understand; Mehandru et al. (2023)),
and these outputs are typically not direct predic-
tions for downstream decisions, instead serving as
inputs to many implicit judgments (e.g., Is the trans-
lation good enough to share with a friend? To trans-
late an official document?) (§4.2). Accordingly, we
propose a new decision support and design human-
subject studies to compare it with alternatives, ex-
amining how each shapes users’ decision-making
and reliance on MT outputs (§4.3).

Together, these two threads point to a broader
takeaway: advancing AI-mediated communication
helps bring empirical findings from the model-side
analysis to motivate the questions we ask in human
studies, and interaction signals from human studies
surface what model-side evaluations are missing,
which creates a feedback loop between AI system
development and real-world communicative prac-
tices. I conclude by distilling lessons from both
threads and outlining forward-looking research di-
rections toward multilingual AI systems that more
reliably serve diverse communities (§5).

2 Background

I first establish the conceptual foundations for AI-
mediated cross-lingual and cross-cultural commu-
nication (§2.1) and define trustworthiness in this
context, framing it as a property jointly shaped by
both the AI system and the human user (§2.2).

2.1 Why AI-Mediated Communication?

Communication may seem like a simple exchange
of ideas through words that carry meaning (Reddy,
1979), yet it is fundamentally a collaborative pro-

cess (Grice, 1975; Allwood, 1976; Bohm and Wein-
berg, 2004). As Clark and Brennan (1991) de-
scribe, successful communication requires coordi-
nation between interlocutors, both in content and
in process, through the continual establishment of
common ground: a set of mutual beliefs, presup-
positions, and shared background knowledge that
provide the necessary context for understanding
(Stalnaker, 1972; Clark and Schaefer, 1989).

Consequently, when the interlocutors come from
different linguistic or cultural backgrounds, estab-
lishing this common ground becomes substantially
harder (Hall, 1959; Thomas, 1983; Hershcovich
et al., 2022). For instance, when a Korean speaker
wishes to communicate their plans for making
Songpyeon at their grandparents’ house for the
upcoming Chuseok1 with their American friend,
several challenges arise. If they do not share a lan-
guage, they would likely rely on translation tools
even to initiate the conversation. Even when they
understand the words, the concept of Songpyeon or
Chuseok carry culturally specific associations with
no direct counterpart in American culture, which
requires the Korean speaker to explain or provide
analogies to help their friend understand. In such
cases, human interlocutors often construct a “third
space,” a communicative middle ground between
two cultures (Planken, 2005), by, for example, de-
scribing Chuseok as a “Korean Thanksgiving” or
using pragmatic strategies such as paraphrasing or
providing brief clarifications (House, 2003).

As more complex cross-lingual and cross-
cultural interactions grow common, NLP has re-
searched to build multilingual AI systems as me-
diators that help people navigate these commu-
nicative gaps once bridged by human strategies at
scale. However, these systems do more than trans-
mit information, they actively shape how meaning
is constructed and whose perspectives are ampli-
fied, and as they increasingly participate in human
sense-making in the real-world, ensuring that AI-
mediated cross-lingual and cross-cultural commu-
nication is trustworthy becomes an important goal.

2.2 What Constitutes Trustworthiness?

The notion of trustworthiness is not unique to AI;
similar concepts appear across diverse disciplines,
though their emphases differ. Across these fields,
scholars generally agree perceived trustworthiness,

1Chuseok is the Korean harvest festival, which occurs on
the 15th day of the 8th lunar month. Songpyeon is a traditional
food eaten during Chuseok.
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Step 1 : Translate each relevant evidence document

How Touch ID works: To make sense of 
Apple's fingerprint identity sensor [...]

Step 2 :  Generate English reference citation-supported report

Query +        ,        ,

When you rest a finger on the scanner, an 
array of hundreds of microscopic … [     ]. An 

analog-to-digital converter then … [     ]. … 
captures 550 ppi scans … [     ].

Comment fonctionne Touch ID: Pour 
comprendre
 لفھم مستشعر ھویة بصمة :Touch ID كیف یعمل
[...] Apple الإصبع الخاص بشركة

Touch ID 작동 원리: Apple의 지문 인식 
센서를 이해하기  위해서는  [...]

…

Pr        (When you rest … [ | Query,       ,                            ,      )             

Step 3 :  Filter for supported sentence-level statements in report

When you rest a finger on the 
scanner, an array of hundreds of 

microscopic … [     ].

(1) LLM-as-Judge

+
(2) NLI Entailment

Statement Pool

Repeat for all
statements

Step 4 : Get next token citation predictions

Query   How does fingerprint unlock work on phones?

Relevant K evidence documents

How Touch ID works: To make 
sense of  Apple's fingerprint
identity sensor [...]

English (en)

Digital data is analyzed to look 
for distinctive fingerprint 
attributes in the [...]  

Fingerprint scanners use arrays of 
tiny capacitor circuits to collect 
data from [...] 

Supported

Supported

Rejected

Premise:

Hypothesis: When you rest a …

NLI Classifier

Entailment

When you rest a finger on the 
scanner, an array of hundreds of 

microscopic … [     ].

Pr        (When you rest … [ | Query,       ,                            ,      )             

Pr        (When you rest … [ | Query,       ,                            ,      )             …
French (fr)

English (en)

Arabic (ar)

Korean (ko)

French (fr)

Arabic (ar)

Figure 1: Overview of our approach measuring language preference using model internals. Synthetic data generation:
Given an English query and its relevant evidence documents, we translate the documents into target languages and generate
reference citation-supported reports (sentence-level statements with citation IDs). Measurement method: We detect language
preference when next-token prediction accuracy for the correct citation ID drops as the language of the cited document varies.

whether of a person or a system, is multidimen-
sional, encompassing competence, benevolence,
and integrity: the ability to perform well, goodwill
to act in others’ interests, and adherence to ethi-
cal principles such as honesty and fairness (Mayer
et al., 1995; Mishra, 1996; Rousseau et al., 1998).
In sociolinguistics, particularly in linguistic an-
thropology and intercultural communication, trust-
worthiness is closely tied to authentic represen-
tation—accurately conveying social and cultural
meanings—as well as to communicative compe-
tence, the ability to use language appropriately in
specific social contexts (Gumperz, 1970, 1982; Fox,
1997). In Human-Computer Interaction (HCI), re-
searchers have developed various ways to measure
human trust in AI systems, often through trust-
related behaviors (Vereschak et al., 2021).2 One
central indicator for trust is appropriate reliance,
where a user’s level of trust matches the system’s
true capabilities (Lee and See, 2004).

Building on these perspectives, I define trustwor-
thy AI mediators in cross-lingual and cross-cultural
communication as systems that (1) possess and ap-
propriately use the knowledge needed to establish
common ground between users of different lan-
guages and cultures, and (2) support users in mak-
ing informed decisions from system outputs, even
when those are in languages they are not fluent in.

The following sections study each thread in turn.
I first lay the groundwork for what hinders and
what is required for balanced knowledge coverage

2In HCI, “trust” refers to human users’ reactions or atti-
tudes toward an AI system, whereas “trustworthiness” con-
cerns the properties of the system itself (Vereschak et al.,
2024).

across languages and cultures. I then introduce a
framework for measuring models’ language prefer-
ences in evidence selection during RAG (§3). Next,
I discuss how user reliance on AI systems has been
conceptualized, and propose and evaluate decision
supports in helping users engage more reliably with
imperfect outputs (§4).

3 Model-Side Thread

I review the prevailing paradigm for understanding
knowledge disparities across languages and its lim-
itations (§3.1-3.2), then introduce a framework that
probes model internals to examine language prefer-
ence in multilingual knowledge access (§3.3).

3.1 Understanding Knowledge Disparities

Despite training data becoming increasingly lin-
guistically diverse, large-scale pre-training remains
heavily Anglocentric, with English comprising
80–90% of the corpora (Touvron et al., 2023;
Grattafiori et al., 2024). As Joshi et al. (2020)
point out, current AI systems still disproportion-
ately center on a small subset of languages—often
geographically clustered and drawn from a few
dominant language families, such as English, Chi-
nese, and Spanish—in both training and evaluation.
Meanwhile, many others, such as Zulu or Fijian,
remain excluded, creating a typological echo cham-
ber. This persistent “data problem” (Aharoni et al.,
2019) is represented well in the language distribu-
tions of pre-training corpora for widely used mod-
els, which remain heavily skewed toward English
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and other high-resource languages (e.g., Chinese).3

This disparity in language representation within
training data leads to performance gaps across tasks
when queries are posed in different languages. Ac-
curacy and perplexity often worsen for certain lan-
guages, even when models are evaluated on the
same examples translated into different languages
(Zhang et al., 2023; Jin et al., 2024; Li et al., 2025b).
Beyond performance disparities, uneven language
coverage further results in unequal access to knowl-
edge across languages (Bender et al., 2021b; Yu
et al., 2022; Feng et al., 2024), wherein information
expressed in higher-resource languages becomes
more accessible and frequently amplified (Phillip-
son, 2018). As a result, models exhibit system-
atic language preference—a tendency to favor cer-
tain languages when accessing or eliciting knowl-
edge—which ultimately creates differences in re-
sponse quality (Boughorbel and Hawasly, 2023),
consistency (Dong et al., 2025), and dispute resolu-
tion (Li et al., 2024) for users across languages.

3.2 Limitations of Prior Work

Prior work has examined language preference in
RAG pipelines: whether models tend to retrieve
(Telemala and Suleman, 2022; Yang et al., 2024;
Amiraz et al., 2025) or rely on evidence written
in certain languages during generation (Park and
Lee, 2025; Sharma et al., 2025; Li et al., 2025a).
Existing approaches to measure language prefer-
ence in multilingual RAG (mRAG), however, often
fail to capture citation correctness. In short-form
RAG, preference has been estimated via informa-
tion overlap (Sharma et al., 2025) or embedding
similarity (Park and Lee, 2025), which do not di-
rectly account for correctness. In long-form RAG,
where outputs contain in-line citations (Zheng et al.,
2025; Xu and Peng, 2025), preference has typically
been measured by comparing citation frequencies
against the language distribution of retrieved doc-
uments. This signal is coarse and confounded by
the relevance and informativeness of multilingual
sources (C1) and in-line citations are prone to hal-
lucinations (Gao et al., 2023; Zhang et al., 2025),
making it unclear whether observed preferences
reflect true attribution or spurious citations (C2).

3For instance, GPT-3 (Brown et al., 2020) has 92.7% of the
training tokens in English; LLaMA-2 (Touvron et al., 2023)
and LLaMA-3 (Grattafiori et al., 2024) has 89.7% and approx-
imately 92% of pre-training data in English, respectively.

3.3 Our Approach
Method. In Ki et al. (2026), we address both
challenges by proposing a controlled methodology
for measuring language preference using model in-
ternal metrics. As illustrated in Figure 1, we first
construct a synthetic multi-parallel dataset of rel-
evant documents, which allows us to isolate the
effect of language while controlling for other fac-
tors such as document content and relevance (Step
1+2; addresses C1). Citation correctness is then
verified through a two-step filtering process (Step
3; addresses C2). Next, we compare the accuracy
of next token citation predictions (e.g., predicting
“2” for document ID 2) while varying the language
of the same cited document and keeping other vari-
ables fixed, including the language of remaining
documents, document positions in the input con-
text, and the query language (Step 4). Differences
in citation accuracy between languages indicate a
preference for the higher-accuracy language.

Experiment Setup. We use ELI5 dataset (Fan
et al., 2019) of long-form questions from the Red-
dit forum “Explain Like I’m Five”. We study eight
languages representing diverse range of resource
levels and number of speakers: Arabic (ar), Bengali
(bn), Spanish (es), French (fr), Korean (ko), Rus-
sian (ru), Swahili (sw), and Chinese (zh). We use
six open-weight models varying in degree of mul-
tilinguality: LLAMA-3.1 8B and LLAMA-3.3
70B (Grattafiori et al., 2024), QWEN-3 8B and 14B
(Yang et al., 2025), GEMMA-3 27B (Team et al.,
2025), and AYA23 8B (Aryabumi et al., 2024).

Results. We address the overarching question:
Do models preferentially cite documents in certain
languages during long-form mRAG? To further in-
form building more robust systems, we empirically
address two questions: (1) What factors amplify
language preference? and (2) Is citation behavior
driven more by document relevance or language?
Our main findings can be summarized as follows:

• Evidence of an English preference: As
shown in Table 1, we observe a pronounced
tendency to cite English documents (with the
highest citation accuracy) when the query is in
English across all models. This preference am-
plifies when the cited document is in a lower-
resource language (e.g., Bengali, Swahili).

• Language outweigh relevance: We show
that models frequently cite English documents
even when they are irrelevant to the query as
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Language LLAMA-3.1 8B QWEN-3 8B AYA23 8B QWEN-3 14B GEMMA-3 27B LLAMA-3.3 70B

English 67.4 62.6 60.0 83.0 86.2 85.9
French 62.9 (-4.49) 48.4 (-14.2)*** 48.5 (-11.5)*** 76.0 (-7.04)*** 79.0 (-7.21)** 77.4 (-8.50)***

Russian 62.1 (-5.30)* 50.4 (-12.2)*** 48.1 (-11.9)*** 74.8 (-8.17)*** 77.1 (-9.12)*** 74.5 (-11.4)***

Spanish 62.1 (-5.32)* 51.9 (-10.7)*** 49.1 (-10.9)*** 77.4 (-5.61)* 80.2 (-6.04)** 76.0 (-9.90)***

Korean 61.7 (-5.68)* 49.7 (-12.9)*** 42.2 (-17.8)*** 70.3 (-12.7)*** 77.5 (-8.71)*** 69.2 (-16.7)***

Chinese 59.9 (-7.51)* 49.2 (-13.4)*** 46.3 (-13.7)*** 73.5 (-9.49)*** 75.4 (-10.8)*** 74.1 (-11.8)***

Arabic 59.5 (-7.91)** 47.6 (-15.0)*** 43.2 (-16.8)*** 72.6 (-10.4)*** 78.4 (-7.82)*** 67.3 (-18.6)***

Bengali 56.6 (-10.8)*** 41.3 (-21.3)*** 27.2 (-32.8)*** 65.4 (-17.6)*** 77.9 (-8.33)*** 68.8 (-17.1)***

Swahili 53.0 (-14.4)*** 30.4 (-32.2)*** 22.4 (-37.6)*** 54.7 (-28.3)*** 74.0 (-12.2)*** 67.3 (-18.6)***

Table 1: Citation accuracies (%) by model and language. We present mean accuracy values with the difference to English
accuracy in subscript. Pairwise two-sided t-tests with Bonferroni correction are performed to compare accuracy between English
and the target language, with the null hypothesis that the mean citation accuracy is equal across languages. *: significant with
p < 0.05; **: p < 0.01; ***: p < 0.001; non-marked: not statistically significant. Color indicates the magnitude of accuracy
difference: largest, second largest, others. Columns: increasing model size; rows: decreasing accuracy difference (of first model).

Figure 2: Citation accuracy per model with one relevant (rel.) and one irrelevant evidence document (irrel.) in different
languages. We test three different conditions: (1) En-En: Both relevant and irrelevant documents are in English; (2) tgt-En
(●): Relevant document in the target language, irrelevant document in English; (3) En-tgt (■): Relevant document in English,
irrelevant document in the target language. Models trade off document relevance for language preference.

shown in Figure 2, suggesting that language it-
self exerts a stronger influence than document
relevance in long-form mRAG.

Takeaways. Taken together, our findings show
that model internals can expose systematic citation
behaviors in mRAG systems, raising inclusivity
concerns in multilingual knowledge access, where
models not only favor certain languages, but may
also trade-off evidence quality in doing so. These
disparities illustrate how imbalanced language rep-
resentation in training data shapes what knowledge
multilingual AI systems access, prioritize, and ulti-
mately use to justify their outputs.

4 User-Side Thread

The model-side thread reveals systematic imperfec-
tions in how multilingual AI systems access and
use knowledge, but whether and how these impact
real users attempting to communicate across lan-
guages remains an open question that controlled
benchmarks cannot answer alone. Addressing this
requires shifting focus from model to user behav-
ior—from what the system outputs to how users
interpret, act on, and are misled by those outputs.

I first review how prior work has measured and

designed human interaction with, and reliance on,
AI systems (§4.1), and how cross-lingual commu-
nication setup poses unique challenges (§4.2). I
then propose a new form of decision support and
evaluate its impact through human studies (§4.3).

4.1 Human Reliance on AI Systems

People increasingly use AI as decision support in
everyday settings, such as video recommendation
or search autocompletion (Bunt et al., 2012), and
photo organization (Amershi et al., 2019). In these
contexts, AI typically plays a supportive role by
providing direct predictions or explanations in var-
ious formats (Bussone et al., 2015; Buçinca et al.,
2021; Wang et al., 2022). Such feedback is in-
tended to help users calibrate when and how much
to rely on system outputs (Lai et al., 2023).

A growing body of work therefore examines the
nature of human reliance on AI systems (Lai et al.,
2023), especially in decisions involving risk and
uncertainty (Jacovi et al., 2021). To operationalize
trust in measurable terms, prior works often study
users’ reliance behavior (de Fine Licht and Brülde,
2021), commonly defined as the “decision to fol-
low someone’s recommendation” (Vereschak et al.,
2021). As such, a central challenge in human-AI
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English Source

Spanish MT

Not many cases are reported in children and most are mild or severe, 
although a significant portion of these do develop severe pneumonia.

No se informan muchos casos en niños y la mayoría son leves a 
críticos, aunque en una porción significativa de estos sí se 

desarrolla severa neumonía.

The translation is mostly accurate, but the phrase "severa 
neumonía" is an incorrect translation of "pneumonia", as the 

English sentence does not specify "severe" pneumonia. 
A more accurate translation would be simply "neumonía" to 

maintain the original meaning.

       Backtranslation

       QA Table

       Error Highlights

Not many cases are reported in children and most of these are mild or moderate, though a significant fraction 
do get pneumonia.

       LLM Explanation

No se informan muchos casos en niños y la mayoría son leves a críticos, aunque en una porción significativa de 
estos sí se desarrolla severa neumonía.

.. Minor | .. Major | .. Critical

Question Answer (Source) Answer (MT)

What type of cases are 
reported in children?

Mild and 
moderate cases

Mild and 
moderate cases

What complication do a 
significant fraction of 
cases in children develop?

Pneumonia Severe 
pneumonia

Figure 3: Overview of our tested quality feedback in human study. During the AI-Assisted step, each treatment group
participant is presented with an English source, Spanish MT, and one of four randomly assigned quality feedback types. Error
Highlights: We adopt a QE system, xCOMET-XXL (Guerreiro et al., 2024), to generate error annotations and display error spans
with color-coded legend; LLM Explanation: We use LLAMA-3.3 70B-generated textual explanations of overall MT quality;
Backtranslation: We use Google Translate to backtranslate Spanish MT to English; QA Table: We use LLAMA-3.3 70B.

interaction is achieving appropriate reliance: help-
ing users accept correct AI advice while rejecting
incorrect ones (Eckhardt et al., 2025).

4.2 Limitations of Prior Work

While human reliance on AI systems has been ex-
tensively studied in traditional AI-assisted decision-
making tasks, extending this concept to cross-
lingual communication introduces new challenges.
For example, in the context of MT, the role of the
AI system (i.e., MT system) takes on a different
character since (1) monolingual users often lack
the mechanisms to reliably assess MT quality, and
(2) the AI prediction (i.e., MT output) is not a di-
rect prediction for the user’s decision-making task.
Given this difference, we focus on quality feedback,
which are more generic assessments of MT qual-
ity rather than direct recommendations, and ask
whether users can rely on such feedback to make
more informed decisions.

Various forms of quality feedback have been pro-
posed, including backtranslation (Agrawal et al.,
2022), error highlighting that flags problematic
spans in MT (Rubino et al., 2021; Briakou et al.,
2023), and textual explanations (Fomicheva et al.,
2022; Xu et al., 2023). However, such feedback
can be hard to interpret and often fails to convey
how mistranslations affect real users (C1). More-
over, only a small number of human studies have
evaluated how quality feedback influences user
decision-making and reliance in MT (Zouhar et al.,

2021; Mehandru et al., 2023), where findings re-
main mixed, and systematic comparisons against
newer feedback mechanisms are still lacking (C2).

4.3 Our Approach

Method. In Ki et al. (2025a), we propose a ques-
tion generation and answering (QG/QA) frame-
work grounded in the idea that a translation is un-
reliable if key questions about the source yield
different answers when derived from the source
text or the backtranslated MT. We hypothesize that
these QA pairs foreground the functional conse-
quences of potential errors, rather than offering a
mechanistic account of what is wrong (Lombrozo
and Wilkenfeld (2019); addresses C1). This de-
sign also aligns with the view of explanations as
social—facilitating knowledge transfer through in-
teraction, where users can weigh evidence in light
of their existing beliefs (Miller, 2019).

We then conduct a between-subjects human
study in Ki et al. (2025b) with 91 English-speaking
monolingual participants, where they are asked to
decide whether Spanish MT outputs are safe to
share with a hypothetical Spanish-speaking neigh-
bor (i.e., “Is the Spanish translation good enough
to safely share with your Spanish neighbor?”).
For each of 20 examples, participants first make
a binary shareability judgment (Safe to share as-
is/Needs bilingual review before sharing)4 and self-

4We use the notion of shareability to capture not only
perceived MT quality but also the potential risk of miscommu-
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Figure 4: Average decision accuracy (left) and CWA (right) for each condition. Paired-sample t-tests are performed to
compare independent and AI-assisted performance and linear mixed-effects ANOVA with Bonferroni corrections. *: significant
with p < 0.05; **: p < 0.01; ***: p < 0.001; non-marked: not statistically significant.

report confidence (Independent) and then reassess
the same example with a randomly assigned quality
feedback (AI-Assisted). We compare four types of
quality feedback as shown in Figure 3, grouped by
their degree of explicitness: error highlights and
LLM explanation provide explicit assessments of
MT quality, whereas backtranslation and QA table
offer implicit support by guiding participants to
compare MT inputs and outputs (addresses C2).

Experiment Setup. We construct 20 English-
Spanish examples in the COVID-19 domain by
introducing targeted linguistic perturbations into
Spanish MT outputs. We categorize each pertur-
bations as either minor or critical based on the po-
tential real-world impact of the resulting error. We
recruit 91 U.S.-based participants who self-identify
English as their first, primary, and fluent language.
Self-reported monthly MT usage varies: 5 partic-
ipants (5.49%) never used MT, 24 (26.4%) rarely
used it, 32 (35.2%) used it sometimes, 19 (20.9%)
often, and 11 (12.1%) used MT almost every day.

For dependent variables, we measure (1) deci-
sion accuracy, by comparing participants’ share-
ability judgment to the gold label; (2) confidence-
weighted accuracy (CWA), which combines accu-
racy with self-reported confidence via confidence
weighting (Ebel, 1965; Mehandru et al., 2023) to
capture whether participants made the correct deci-
sion weighted by their confidence in that decision;
and (3) switch percentage, the rate at which par-
ticipants change their decision after viewing AI
feedback (Srivastava et al., 2022; He et al., 2023).
Following Schemmer et al. (2023), we compute

nication in high-stakes contexts. This framing aligns with how
people often make decisions in practice: while the choice to
share or not is often made implicitly in real world, our study
makes this decision more explicit, yet still allows participants
to make their own judgment as they naturally would.

Figure 5: Switch percentage breakdown per quality feed-
back type. Each shows appropriate, over-, and under-reliance.

three reliance outcomes: (i) over-reliance, switch-
ing from a correct to an incorrect decision after
feedback; (ii) under-reliance, failing to switch from
an incorrect to a correct decision after feedback;
and (iii) appropriate reliance, either correcting an
incorrect decision after feedback (switch) or main-
taining a correct one (no switch).

Results. Our main findings are as follows:

• Providing any feedback helps: As shown
in Figure 4, all four treatment conditions im-
prove decision accuracy and CWA in the AI-
Assisted step relative to the Independent step.

• QA table yields the largest gains: Among
the four feedback types, QA table shows the
strongest and most consistent effects overall.

• Implicit feedback has lower over-reliance:
As illustrated in Figure 5, both implicit qual-
ity feedback (backtranslation and QA table)
yield higher appropriate reliance and lower
over-reliance than the explicit feedback types.
Across conditions, participants are more likely
to maintain their initial decisions than to
switch: under-reliance consistently exceeds
over-reliance, and appropriate reliance (no
switch) exceeds (switch).
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Takeaways. Together, our findings suggest that
using QA pairs as quality feedback is a promising
direction for supporting cross-lingual communica-
tion. More broadly, these results underscore the
value of interpretable, user-driven feedback mecha-
nisms that help users construct their own functional
explanations—reasoning grounded in the goals and
consequences of an AI output—to determine how
and when to rely on it for safe and effective use
(Lombrozo and Wilkenfeld, 2019; Schoeffer et al.,
2024), rather than having the system explicitly pre-
scribe what to do.

5 Concluding Thoughts

I propose a direction for scientific progress in NLP
centered on advancing AI-mediated communica-
tion across languages and cultures. This agenda
requires two complementary threads: (1) models
that help users establish common ground across dif-
ferences in background and communicative goals,
and (2) interaction strategies that support users’
informed reliance on inevitably imperfect outputs.

Lessons Learned. On the model side (§3), the
central lesson is that a trustworthy AI mediator
requires knowledge parity in use—counteracting
the imbalanced language representation in training
data. The core issue here is not simply whether a
model can achieve high multilingual task perfor-
mance, but whether it provides equitable access
to multilingual sources when grounding its claims.
By measuring language preference through model
internal signals in controlled settings, this thread
moves beyond coarse proxies (e.g., citation fre-
quency or surface overlap) toward diagnostics that
can isolate when language itself drives evidence
selection and when it induces trade-offs with evi-
dence quality. This makes visible a failure mode:
even when multilingual knowledge sources exist,
systems may still systematically privilege those
written in particular languages, shaping which evi-
dence is surfaced and which perspectives are ampli-
fied. Methodologically, the broader implication is
that evaluating multilingual systems as communica-
tion mediators requires attention to the full pipeline,
retrieval, selection, generation, and reasoning, to
understand not only what a model outputs, but how
it arrives at its predictions.

On the user side (§4), the central lesson is that
trustworthy mediation is not achieved by model
capability alone; it also requires interaction de-
signs that preserve users’ agency (Shneiderman,

2022): users need support to assess risks, goals,
and consequences for themselves, rather than pre-
scribing decisions. We study this in a realistic cross-
lingual communication scenario, where reliable use
is uniquely challenging since users often lack prac-
tical ways to assess outputs and system outputs do
not map directly onto downstream decisions. We
propose QA pair-based feedback and show, through
human-subject studies, that this interpretable, user-
driven support can improve decision accuracy with
better-calibrated confidence and promote more ap-
propriate reliance on MT outputs.

Looking Forward. These lessons motivate sev-
eral future research directions that better aligns
multilingual NLP with communicative practice:

• Evaluate systems in communicative con-
texts, not just on benchmarks. For mediator-
like systems, we should complement model-
centric metrics with user-centered outcomes
(e.g., decision accuracy, over/under-reliance,
and downstream risk) and explicitly mea-
sure communicative failure modes that bench-
marks often miss (e.g., misunderstandings, re-
pair behavior, and conversation breakdowns).

• Understand systems’ reasoning processes.
A promising next step is to characterize why
models behave differently across languages,
both in evidence use and final outputs, and to
translate that understanding into user-facing
guidance. Reasoning traces are one candidate
bridge: if designed carefully, they could help
users retrace and oversee why the model made
a particular prediction, and potentially enable
them to learn patterns they can extrapolate to
future decisions (Holzinger et al., 2023).

• Build AI literacy for human users. While
developers may be aware of a system’s weak-
nesses, these limitations are rarely communi-
cated to end users. To enable functional, user-
driven feedback, interfaces should explicitly
communicate the systems’ capabilities and
blind spots through actionable signals, clari-
fying what the system can and cannot be ex-
pected to do in the current setting.

• Examine effects on interpersonal dynam-
ics. Beyond individual decision-making, AI-
mediated communication can reshape how
people coordinate with one another. Inter-
personal adaptation—how interlocutors ad-
just phrasing, clarify intent, and negotiate
meaning—is central to establishing common

52



ground, and AI mediation may shift when and
how this occurs. A key direction is to evaluate
mediator systems for their effects on conver-
sational dynamics (e.g., attribution, account-
ability, perceived effort) and on longer-term
interpersonal relationships.

The broader goal is to move multilingual NLP
toward systems that reliably help people establish
common ground and make reliable decisions across
languages and cultures. This work develops meth-
ods, measurements, and interaction designs aimed
at supporting diverse communities in practice.
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