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Rethinking machine 
translation in the age of 
large language models



99.97% 
of machine translation users 
are not translators.

Nurminen, Mary (2021) ‘Investigating the Influence of Context in the Use and Reception of Raw Machine Translation’
Tampere University Dissertation 515/2021.



Who uses MT?
What for?

Survey of 1200 UK residents found that often used MT 
for non-essential purposes that do not justify professional 
translations, but also expressed desire for higher MT 
quality [Nunes Vieira et al. 2022]

Migrant workers when seeking employment, navigating 
employer relations, or looking for healthcare information 
[Liebling et al. 2021]

In France, 85% of 13-21 year old surveyed used genAI in 
the past 6 months, primarily for summarization, 
generation, translation [bornAI survey, June 2024]

https://www.aacc.fr/sites/default/files/media/document/2024-06/CP%20BORN%20AI%20.pdf


Rethinking MT:
Beyond 
sequence 
transduction?

MT

input sequence f

output sequence
e = argmax p(e|f)



Rethinking MT:
Beyond 2 box 
interfaces?



Beyond Translation: NLP for 
Cross-Lingual Communication

Part I   Reliability in MT-mediated communication

Part II  MT as controllable language generation



Users often cannot assess risk in MT outputs



[Khoong et al., 2019]

Hold the kidney 
medicine until you 
have a chance to 
speak with your 
kidney doctor.

从仔㛴䔏傥僶
卖䉐䛛∗わ㛰
ᮘ఍࿴ᝍⓗ傥
僶⌢䔆ẋ㴨

English Mandarin
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medicine until 
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[Khoong et al., 2019]

Hold the kidney 
medicine until you 
have a chance to 
speak with your 
kidney doctor.

English Mandarin

从仔㛴䔏傥僶
卖䉐䛛∗わ㛰
ᮘ఍࿴ᝍⓗ傥
僶⌢䔆ẋ㴨

Potentially life 
threatening 
error.

Hard to 
identify errors.

No actionable 
strategies to 
recover.

Keep taking 
kidney 
medicine until 
you talk to 
your kidney 
doctor
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How can we help 
physicians decide whether 
MT is good enough to 
show patients who do not 
speak their language?

A case study toward reliable MT, motivated 
by a real world use case:

• Physicians routinely use MT to 
communicate with patients [Mehandru et al., 
2022]

• even though errors can have severe 
clinical consequences [Khoong et al., 2019]



User Study of Physician Reliance on MT:
2 Interventions to give feedback on MT quality

Uses COMET quality estimation scores

[Rei et al. 2020]

• Correlate well with human ratings at WMT

• Converted to 3 level rating for readability



User Study of Physician Reliance on MT:
2 Interventions to give feedback on MT quality

Backtranslation

Using the same translation engine

A noisy signal [Agrawal et al. WMT 2022]

But lay people do this all the time!



User Study of Physician Reliance on MT: Task



User Study of Physician Reliance on MT:
Study Setup

Randomized controlled experiment
with n=65 English-speaking physicians
• 45% interact with low English proficiency patients daily
• 17% use Google Translate on a monthly basis when 

writing discharge instructions

Within subjects: baseline then quality feedback
Between subjects: quality estimation vs. backtranslation



User Study of Physician Reliance on MT:
Study Setup

Data from UCSF Emergency Department discharge instructions

Machine translated into Chinese via Google Translate

We collect reference adequacy and clinical risk ratings from 3 
bilingual physicians



Measure of Appropriate Reliance:  
Confidence Weighted Accuracy

[Ebel, 1965]

cs: participant confidence in 
their decision s on 5-point scale

sign(s): +1 if  participant decision s is consistent 
with reference rating;   -1 otherwise



Showing a QE model 
output made physicians 
better at deciding when 
to rely.

Backtranslation did not.

User Study of Physician Reliance on MT:
Results



Physicians in the BT condition were better at rejecting 
errors, and clinically significant errors

User Study of Physician Reliance on MT:
Results



BT group better at rejecting sentences with clinical risk.

User Study of Physician Reliance on MT:
Results
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How can we help 
physicians decide whether 
MT is good enough to 
show patients who do not 
speak their language?

• Quality estimation models can help 
users decide when to rely on MT

• But backtranslation identifies critical 
errors better

• Likely need range of interventions for 
different types of error, and more “in 
vivo” evaluations



Beyond translation:
NLP for cross-lingual communication

How can we make 
communication 
mediated by NLP 
tools reliable and 
trustworthy?

Explainable
quality
estimation

error detection, guided post-
editing, speechQE [Briakou
et al, 2023, Ki & C. 2024, 
Han et al. 2024]

MT-mediated
conversation 
dynamics

between native and non-
native English speakers 
[Zhang et al. 2022; Yang et 
al., under review]

MT and AI literacy
in general public

ongoing study at Planet 
Word museum with Ge Gao, 
Charlotte Vaughn et al.
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When accurate translations are not enough

Explicitation: “A procedure of explicitly introducing details into the target 
language which remain implicit in the source language.” 
[Vinay & Darbelnet 1958]

https://www.lemonde.fr/en/politics/article/2024/10/08/at-paris-tribute-to-october-7-victims-macron-s-call-to-halt-arms-deliveries-to-israel-earns-him-boos_6728593_5.html

https://www.lemonde.fr/en/politics/article/2024/10/08/at-paris-tribute-to-october-7-victims-macron-s-call-to-halt-arms-deliveries-to-israel-earns-him-boos_6728593_5.html


Explicitation in Translation

Explicitations can take several forms [Klaudy, 1983]
• Obligatory: driven by syntactic divergences across languages
• Optional: to improve fluency and naturalness in the target language
• Pragmatic: explicitly explains implicit background knowledge
…

We focus on pragmatic explicitations
• enable a communicative act [Snell-Hornby 2006] 
• adapt translations to a communication context



Can we generate explicitations automatically?
How can we evaluate explicitation generation?

Challenge: explicitations are rare!



Building
WikiExpl

A dataset of explicitations
• drawn from English Wikipedia
• with French, Polish and Spanish 

source text

Source …l'attentat contre Charlie Hebdo…
Gloss …the attack against Charlie Hebdo…
Target …the attack against the French 

satirical newspaper Charlie 
Hebdo…



Building
WikiExpl

Step 1: Collect candidates 
automatically for recall

Unaligned and 
Named Entity are 
near and related?

Decision
Is Entity bounded to 
source language?

Unaligned?

Annotation
with human 
translators

Detection

yes

yes

yes

no

no

no

Explicitation Candidates

Wikipedia bitext

noyes

Explicitation
Ground Truth

Step 2: Human annotation 



Building
WikiExpl

Step 1: Collect candidates 
automatically for recall

Source …avec des vols sans escale vers Antigua,
Gloss …with non-stop flights to Antigua,
Target …with direct service to Antigua,

Source …l'attentat contre Charlie Hebdo…
Gloss …the attack against Charlie Hebdo…
Target
(unaligned)

…the attack against the French satirical 
newspaper Charlie Hebdo…

Explicitation?

X

?

Assumption 1:
explicitations are unaligned token sequences



Building
WikiExpl

Step 1: Collect candidates 
automatically for recall

Assumption 2: explicitations are adjacent and 
relevant to named entities

Source …l'attentat contre Charlie Hebdo…
Gloss …the attack against Charlie Hebdo…
Target
(unaligned)

…the attack against the French satirical 
newspaper Charlie Hebdo…

Source …comme les persécutions à Metz en 888.
Gloss …like the persecution in Metz in 888.
Target
(unaligned)

…such as the one in Metz in 888.

Source
À l' adolescence , il écoute de la musique latino-
américaine,…

Gloss In adolescence, he listened to Latin American music,…
Target
(unaligned)

In his teenage years in Bogotá , he acquired a taste 
for Latin American music,… 

X

?

X

Explicitation?



Building
WikiExpl

Step 1: Collect candidates 
automatically for recall

Assumption 3: explicitations focus on entities well 
known in source language/culture but not in target 
language/culture

measured by 
- number of hops in Wikipedia from entity to source vs. 

target language country
- number of incoming links + length of entity page in 

source vs. target language

Source …l'attentat contre Charlie Hebdo…
Gloss …the attack against Charlie Hebdo…
Target
(unaligned)

…the attack against the French satirical 
newspaper Charlie Hebdo…

Source …et au sud du Texas.
Gloss …and in southern Texas,
Target
(unaligned)

…and into southern Texas in the United 
States.

?

X

Explicitation?



Building
WikiExpl

Step 1: Collect candidates 
automatically for recall

Step 2: Human annotation 

Source …l'attentat contre Charlie Hebdo…
Gloss …the attack against Charlie Hebdo…
Target
(unaligned)

…the attack against the French satirical 
newspaper Charlie Hebdo…

Source …nommé d' après Pierre André de Suffren,
Gloss …appointed after Pierre André de Suffren,
Target
(unaligned)

…named after the 18th century admiral Pierre 
André de Suffren,

Explicitation?

Annotation task
• What is the role of the highlighted span? Does it add 

information to the source?
• If yes, does it explain general knowledge in the 

source language to target language readers
• Optionally, correct span and justify decision.

��SURIHVVLRQDO�WUDQVODWRUV�SHU�FDQGLGDWH��ț�§�����



Building
WikiExpl

Step 1: Collect candidates 
automatically for recall

Unaligned and 
Named Entity are 
near and related?

Decision
Is Entity bounded to 
source language?

Unaligned?

Annotation
with human 
translators

Detection

yes

yes

yes

no

no

no

Explicitation Candidates

Wikipedia bitext

noyes

Explicitation
Ground Truth

Step 2: Human annotation 



Building
WikiExpl



Building
WikiExpl



Can we generate explicitations automatically?
How can we evaluate explicitation generation?

Challenge: explicitations are rare!



A method for automatic 
explicitation generation
using Wikipedia

We predict that an entity needs explicitation if two conditions 
hold:

1. Closeness to source country: is there a direct relation link 
to the language speaking country in Wikipedia?

2. Popularity of topic: difference in normalized length 
of Wikipedia page in source vs. target language

Decision
Is Entity bounded to 
source language?

Entity

Yes, need 
Explicitation

No need 

Is explicitation needed?



A method for automatic 
explicitation generation
using Wikipedia

Decision
Is Entity bounded to 
source language?

Entity

Yes, need 
Explicitation

No need 

Is explicitation needed? If yes, extract explicitation from Wikipedia and integrate in translation



How can we evaluate explicitation generation?

Intrinsic  human evaluation

By professional translators

Extrinsic automatic evaluation

How useful are explicitations in multilingual 
Question Answering tasks?



Intrinsic Human Evaluation

Is 
the explicitati
on needed?

Is the 
explanation 
appropriate?

Is the explanation 
well integrated?

• Done by same professional translators as WikiExpl validation

• 3 point Likert scale mapped to [0,1], higher is better

• On ~2000 Polish segments



Extrinsic Evaluation of Explicitations via 
Multilingual Question Answering

Question Type Input text System Answer
Polish Question ���$E\�RWU]\PDü�SXQNW��QD]ZLM�áDĔFXFK�JyUVNL��Z�NWyUHJR�VNáDG�ZFKRG]ą�PLĊG]\�LQQ\PL�7DWU\���� Karpaty (O)

with Explanation
���$E\�RWU]\PDü�SXQNW��QD]ZLM�áDĔFXFK�JyUVNL��Z�NWyUHJR�VNáDG�ZFKRG]ą�PLĊG]\�LQQ\PL�7DWU\�
�SDVPR�JyUVNLH�QD�JUDQLF\�SROVNR-VáRZDFNLHM����� Karpaty (O)

English Question ...To get a point, name the mountain range of which the Tatras are a part,...
(wrong answer) 
(X)

with Explanation
(Explicitation)

...To get a point, name the mountain range of which the Tatras (mountain range on the Polish–
Slovak border) are a part,...

Carpathian 
Mountain (O)



Extrinsic Evaluation of Explicitations via 
Multilingual Question Answering

If the automatic
explanation ...

Helps target QA 
(English)

Doesn't help target 
QA (English)

Helps source QA 
(Polish)

useful but not 
explicitation

useful but not 
explicitation

Doesn't help source 
QA (Polish)

useful
explicitation

not useful

Question Type Input text System Answer
Polish Question ���$E\�RWU]\PDü�SXQNW��QD]ZLM�áDĔFXFK�JyUVNL��Z�NWyUHJR�VNáDG�ZFKRG]ą�PLĊG]\�LQQ\PL�7DWU\���� Karpaty (O)

with Explanation
���$E\�RWU]\PDü�SXQNW��QD]ZLM�áDĔFXFK�JyUVNL��Z�NWyUHJR�VNáDG�ZFKRG]ą�PLĊG]\�LQQ\PL�7DWU\�
(SDVPR�JyUVNLH�QD�JUDQLF\�SROVNR-VáRZDFNLHM),... Karpaty (O)

English Question ...To get a point, name the mountain range of which the Tatras are a part,...
(wrong answer) 
(X)

with Explanation
(Explicitation)

...To get a point, name the mountain range of which the Tatras (mountain range on the Polish–
Slovak border) are a part,...

Carpathian 
Mountain (O)



Extrinsic Evaluation of Explicitations via 
Multilingual Question Answering

QA accuracy improves by 73% with 
explicitations in English



Extrinsic Evaluation of Explicitations via 
Multilingual Question Answering

QA accuracy with symmetric 
explanations in Polish improves by 
11.1% 



Extrinsic Evaluation of Explicitations via 
Multilingual Question Answering

QA accuracy improves with 
explicitations in English more than 
with explanations in Polish 

So explicitations are useful!



To bridge the gap of background knowledge between source and target 
audiences in translation, we contribute:

Ɣ Automatic Explicitation: techniques to automatically decide what to 
explain and how

Ɣ WikiExpl: dataset semi-automatically collected from Wikipedia

Ɣ Evaluation: explicitations are valid based on human evaluation, and useful 
based on extrinsic multilingual QA.



Beyond translation:
NLP for cross-lingual communication

How can we 
generate controlled 
outputs tailored to 
different audiences 
and use cases?

Background

[Han et al. 2023]

Register

formality controlled 
MT [Rippeth et al. 
2022]

Complexity

controllable text 
simplification & 
complexity-
controlled MT 
[Agrawal & C. 2020]

Author Style

authorship analysis 
& obfuscation 
[Richburg & C. 
2024, Bao & C. 
2024]
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Beyond Translation:
NLP for Cross-Lingual Communication
Helping people communicate across languages with NLP 
requires much more than MT.

We need better tools to help them rely on outputs appropriately,  
adapt outputs to context of use, craft appropriate inputs, assess 
impact of tools on communication dynamics, use text and 
speech in many languages …

We need a broader set of evaluations to assess usefulness 
extrinsically and in human studies.



Beyond Translation: NLP for 
Cross-Lingual Communication

Part I   Reliability in MT-mediated communication

Part II  MT as controllable language generation

marine@umd.edu / marine.carpuat@inria.fr

mailto:marine@umd.edu
mailto:marine.Carpuat@inria.fr
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