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Abstract

Multilingual education stands to benefit immensely from recent advances in generative Artificial
Intelligence (Al). This paper explores how generative Al — especially large language models (LLMSs)
and neural machine translation systems — can bridge language gaps in global learning. | analyze the
capabilities of Al-based translation models (DeepL, Google Translate, ChatGPT, etc.) in educational
contexts and evaluate their effectiveness in translating complex academic content while preserving
context. | present experimental insights into LLM translation accuracy for scholarly text, case studies
of Al-generated summaries and notes that aid second-language learners, and the integration of voice
recognition and optical character recognition (OCR) with generative Al for real-time language
support. Technical aspects of these Al systems are emphasized, and | compare models in terms of
translation quality, latency, and usability. The paper concludes with pedagogical implications,
discussing how educators and learners can leverage generative Al while addressing its limitations to
achieve more inclusive, accessible education globally.

Keywords: Generative Al, Multilingual Education, Machine Translation, Large Language Models,
Accessibility, Language Learning

INTRODUCTION

Approximately 40% of students worldwide are learning in a second language, which can hinder
comprehension and academic performance [1]. Bridging language barriers in education is crucial for
equitable learning outcomes. Recent advances in generative Al offer new tools to support multilingual
learners. In particular, Al-driven translation and language modeling technologies can provide on-the-fly
translations, simplified explanations, and personalized support in a student’s native language.

Generative Al models like GPT-4 (the engine behind ChatGPT) are capable of understanding and
producing humanlike text in many languages, while neural machine translation (NMT) systems have vastly
improved translation accuracy and speed [6]. This confluence of technologies — from translation engines to
Al chatbots and speech-to-text systems — can enable real-time content delivery in multiple languages,
helping educators reach diverse classrooms. Tools such as Al translators, multilingual chatbots, and text-to-
speech have already shown promise in making course materials and discussions accessible across language
differences [7].

This paper investigates the role of generative Al in multilingual education with a focus on its translation
capabilities. I compare leading Al translation models (e.g., Google Translate, DeepL, ChatGPT) and
evaluate their effectiveness on educational content. | also examine how large language models handle
complex academic text translation while maintaining context and nuance. Through experimental evaluation
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and case studies, | illustrate how Al-generated translations, summaries, and notes can improve
comprehension and retention for second-language learners. Additionally, | explore the integration of voice
input and OCR with generative Al to provide real-time language support in classrooms. The discussion
centers on technical aspects of these Al systems, and in the conclusion | reflect on pedagogical implications
and best practices for integrating Al into multilingual learning settings.

LITERATURE REVIEW: GENERATIVE Al AND MULTILINGUAL TRANSLATION
A. Advances in Neural Machine Translation

Machine translation (MT) has evolved from rule-based and phrase-based systems to neural machine
translation over the past decade. Neural Machine Translation (NMT) models, which use deep neural
networks to learn language mappings, have achieved state-of-the-art performance since around 2016.
Google’s Neural Machine Translation system (GNMT), for example, was a milestone that largely closed the
quality gap between machine and human translation for many language pairs. NMT models operate end-to-
end, encoding a source sentence and decoding it into the target language using sequence-to-sequence
architectures, often with attention or the Transformer mechanism. This approach enables the model to
consider the broader context of a sentence, rather than translating word-by-word. Tanet al. (2020) provide a
comprehensive review of NMT methods and tools, highlighting that neural approaches significantly
improved fluency and adequacy of translations compared to earlier methods [6]. These models leverage
massive parallel corpora for training, and frameworks like OpenNMT, Marian, and Fairseq have made it
easier to develop custom translators. An important development is multilingual NMT, wherein a single
model handles translation between many languages. Such models can perform zero-shot translation —
translating between language pairs it has never directly seen — by encoding language-agnostic
representations. Google Translate’s production system and research models like Facebook’s M2M-100
demonstrate translation across dozens or even hundreds of languages with one model.

DeepL, a translation service launched in 2017, emerged as a notable NMT system focusing on high-
quality translations for a more limited set of languages (primarily European languages). DeepL uses a
proprietary architecture and training data, and it is known for producing more natural-sounding translations
and handling idiomatic expressions better than some competitors. By concentrating on quality over quantity
of languages, DeepL often excels in accuracy for the language pairs it supports. As of 2024, DeepL supports
29 languages, while Google Translate supports over 130, reflecting a trade-off between breadth of language
coverage and depth of optimization. Large language models (LLMs) like GPT-3 and GPT-4 were not
originally designed solely for translation, but they have demonstrated impressive emergent translation
abilities. These models are trained on vast amounts of multilingual data from the internet, enabling them to
perform translation and code-switching as a byproduct of their general language understanding capabilities.
Research by Hendy et al. (2023) evaluated GPT-3 and GPT-3.5 models on standard translation benchmarks,
finding that they achieved surprisingly competitive results with dedicated MT systems in high-resource
languages, though with some limitations in consistency [7]. Unlike NMT systems which are explicitly
optimized for translation, LLMs can use their generative capacity to paraphrase or explain translations,
offering additional educational utility (such as providing explanations of a term along with the translation).
However, LLMs may also produce infrequent errors or “hallucinations” (i.e., fabricating content not present
in the source) if not properly constrained, since their objective is to continue text in a plausible way rather
than strictly produce a faithful translation.

B. Multilingual Generative Models and Education

Recent projects have pushed the boundaries of multilingual AI. Meta Al’s “No Language Left Behind”
(NLLB) initiative released an open-source model that supports translation in 200 languages, including many
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low-resource languages [10]. The NLLB-200 model demonstrated a 44 percent improvement in translation
quality on average for those languages over previous benchmarks. Such advancements are particularly
relevant for education in regions with less commonly taught languages; they promise to make learning
materials accessible to students in their native tongue even when those languages were previously neglected
by mainstream translation tools.

In parallel, educational technology researchers have explored Al-driven tools for language learning and
support. Generative Al has been integrated into intelligent tutoring systems and language learning apps to
provide personalized feedback, conversational practice, and automated assessment. For instance,
experimental tutoring systems use transformerbased models to engage students in dialogue or to generate
hints and explanations in multiple languages [11]. While much of this research focuses on language
acquisition, the ability of generative Al to translate or simplify content has clear implications for content
learning across subjects. Students learning math or science in a second language could benefit from Al that
translates a complex textbook or summarizes a lesson in their first language.

Another relevant line of research is Automatic Text Simplification (ATS), which, while not the same as
translation, addresses a similar accessibility goal. ATS uses Al to rephrase or summarize text into simpler
language. Murphy Odo (2022) studied an ATS tool in a foreign language classroom and found that advanced
second-language (L2) learners comprehended English texts better when they were automatically simplified
[9]. In that study, higher-proficiency Korean students showed significantly improved recall of scientific
passages after reading Al-simplified versions, whereas lower-proficiency students did not see as much
benefit. This suggests that Al transformations of text (whether translation or simplification) can aid
comprehension, especially if the reader has enough language ability to take advantage of a clearer or better-
presented text. This finding underpins the idea that Al-generated summaries or translations could scaffold
learning for students who are not fully fluent in the language of instruction.

In summary, the literature indicates that:

. Neural and generative Al models can now translate with near-human quality in many cases, though

results vary by language pair and domain.

. LLMs introduce new possibilities (and challenges) for translation due to their general language
understanding and generative nature.

. Multilingual Al covering hundreds of languages is emerging, which could drastically widen access to
educational content globally.

. Al-based text simplification and summarization have been shown to improve comprehension and
retention for learners with sufficient proficiency, hinting at the educational value of Al-rewritten
content.

These developments set the stage for examining how well current Al translation models perform on
educational content and how they can be deployed in classrooms to assist multilingual learners.

COMPARATIVE EVALUATION OF Al TRANSLATION MODELS

A core focus of this study is comparing Al-based translation models in the context of education. | consider
three categories of models: (1) dedicated NMT services (Google Translate and DeepL), (2) a generative
LLM (OpenAl’s ChatGPT/GPT-4), and (3) a general NMT by a major provider (Microsoft Translator, as
used in platforms like Bing and Teams). The evaluation looks at translation accuracy, preservation of context
and nuance (especially for complex academic text), latency (speed), and general usability for students and
educators.
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A. Translation Quality and Context Preservation

Accuracy is paramount in educational settings, where mistranslations could lead to misunderstandings of
curricular content. | collected several representative text samples from academic materials — including
excerpts from a science textbook, a history article with idiomatic expressions, and a complex literature
analysis passage — and examined how each Al system translated them into a target language (for example,
English to Spanish and vice versa). Because a full human evaluation with scores was beyond my scope, |
rely on reported findings from literature and some qualitative inspection.

Prior studies provide insight into the relative strengths of these systems. An experiment by university
language instructors compared Google Translate, DeepL, and ChatGPT on various texts (Spanish, Japanese,
and German) and found that all produced generally understandable translations, but Google sometimes
lagged in handling certain idioms. DeepL was noted to excel at translating complex sentences with
embedded clauses in a coherent way, preserving grammatical flow. For example, a German sentence with
multiple subordinate clauses was translated by DeepL into fluent English almost as if written by a human,
whereas Google’s output, while correct, was more stilted and needed minor editing. ChatGPT also did well
on capturing idiomatic meanings; users observed that it often conveyed subtle cultural references effectively
in the target language. However, it occasionally over-simplified intricate sentences or was inconsistent on
specialized terminology. This aligns with Hendy et al.’s finding that GPT-3 tended to miss some domain-
specific nuances despite high overall accuracy
[7].

In technical domains or formal writing, slight differences emerge. A test with legal documents in French,
Italian, and Polish reported that DeepL made fewer grammar errors (e.g., in handling agreements and
conjugations) compared to Google and ChatGPT, indicating better reliability for complex formal text.
ChatGPT in that scenario often produced a somewhat “flattened” translation — simplifying or explaining a
complex clause rather than translating it verbatim — which can be a double-edged sword. In education, such
simplification might actually aid understanding for a student (since the Al effectively paraphrases difficult
text). However, it also means the LLM is taking liberties and might omit subtle details present in the original
phrasing. Google Translate, in contrast, strives for a literal translation and sometimes struggles with very
long sentences or uncommon terms (yielding awkward phrasing).

For the academic passages | examined, | observed similar patterns. For instance, a paragraph from a
biology textbook about cellular respiration, rich in technical terms, was translated from English to Chinese.
Google Translate produced a serviceable translation, but a few specialized terms were translated inexactly
(some terms remained in English or were translated word-for-word leading to non-standard Chinese
terminology). DeepL’s translation of the same passage used more accurate scientific terms in Chinese and
read more naturally. ChatGPT (using GPT-4 via the API) provided a translation that was very fluent; it even
restructured a sentence for clarity. Upon review, the GPT-4 translation was accurate in meaning and arguably
easier to read than the more literal Google version, but it added one sentence of clarification (not present in
the original) to explain a term. This illustrates the LLM’s tendency to be an “explanatory translator,” which
might be beneficial in a learning context but could be seen as a deviation from faithful translation.

Human evaluations from other research underscore that current top MT systems are fairly close in general
quality for high-resource languages. Sebo and de Lucia (2024) compared DeepL and Google on medical
research abstracts (French to English) and found no statistically significant difference in automated metrics
like ROUGE, with both systems achieving high fidelity scores [8]. In their evaluation, professional
translators rated a new system (CUBBITT) slightly higher in fluency than both DeepL and Google, but all
machine outputs were surprisingly close to the original human-written English abstract in quality. This
suggests that for well-covered languages and formal text, Al translations by Google or DeepL are often
accurate enough that only minor post-editing is needed. Indeed, DeepL claims that its next-generation
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model’s translations require significantly fewer edits: one internal test showed Google’s output needed twice
as many corrections and ChatGPT’s needed three times as many corrections to reach publication quality.
This kind of productivity gain (fewer edits) is crucial if teachers or content creators are using these tools to
prepare materials.

Another aspect of translation quality is how well context is maintained across sentences or paragraphs.
Educational content often has pronouns, references, or domain-specific terms that require context to
translate correctly. NMT systems using the Transformer architecture typically translate one sentence at a
time and might not carry context from previous sentences. In contrast, an LLM working on a full paragraph
could use context beyond sentence boundaries. In my tests, | gave the models a full paragraph to translate at
once. | found that ChatGPT was able to correctly resolve a pronoun reference that Google Translate
misinterpreted due to lack of context. Specifically, in a history text, “Although Napoleon” faced many
setbacks, they did not deter him from...”, Google incorrectly rendered “they” in Spanish as referring to
multiple people, whereas ChatGPT correctly understood it referred to Napoleon (singular) and used “" el”.
DeepL, interestingly, also” got it correct, likely due to its superior handling of context even in single-
sentence mode or possibly some document-level modeling. This indicates that advanced systems have some
mechanism or ability to utilize context — either via larger input windows or heuristics — which benefits
translation coherence in longer discourse.

Table I provides a summary of these models’ characteristics. In terms of pure accuracy on general text,
recent industry evaluations show that Google and DeepL are top contenders among MT engines for many
language pairs. DeepL often slightly leads for certain European pairs, whereas Google leads for others
(especially for languages like Arabic, Chinese, or low-resource cases where DeepL has no support or less
training data). ChatGPT’s translation quality is harder to benchmark succinctly, but the referenced Microsoft
research [7] indicates GPT-3.5 was approaching parity with phrasebased MT on some metrics, and anecdotal
evidence suggests GPT-4 is on par with the best NMT for high-resource language pairs, with superior
performance in preserving context but occasional minor factual errors.
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Model Language Latency Notable Features

Support
Google Translate | 130+ ~Instant for | Strengths: Very broad language coverage
(GNMT) short text (including  low-resource  languages), rapid

translations, and continually improved by user
feedback. Handles common phrases well and
provides offline mobile translation for selected
languages.

Limitations: Tends to be more literal, sometimes
missing nuanced meanings. Quality varies by
language (e.g., strong for Spanish, weaker for
Armenian). Interface is basic and lacks
customization beyond formality/tone settings.
DeepL Translator 29 ~1-2 s per | Strengths: High translation quality, especially for
sentence European languages. Excels in fluency, idioms,
and context retention. Preferred by human
evaluators for complex sentence structures. Offers
formality tone settings.

Limitations: Supports fewer languages (limited
coverage of Asian and African languages). Slightly
slower than Google Translate for large texts.
Requires a paid subscription for bulk translations;
fewer thirdparty integrations.

ChatGPT (GPT-4) | 50+F ~5-10 s per | Strengths: High fluency and context-awareness.
paragraph Can follow custom instructions (e.g., “simplify
this” or “explain in notes”). Effective at preserving
meaning and explaining context. Handles zero-shot
translation for languages not explicitly trained.
Limitations: Not a dedicated translator; may
paraphrase or add details instead of strict
translation. Inconsistent for technical terms unless
prompted. Struggles with very low-resource
languages. Requires internet access and API usage
(paid for advanced models).

Microsoft 100+ ~Instant for | Strengths: Solid translation quality across many
Translator short text languages, integrated into Microsoft products
(Office, Teams, Skype). Offers real-time speech
translation and enterprise customization via
Translator Hub. Limitations: Slightly behind
Google/DeepL in independent  accuracy
evaluations for some language pairs. Consumer-
facing interfaces (e.g., Bing Translator) lack
customization features.

TABLE I: COMPARISON OF Al TRANSLATION MODELS FOR EDUCATIONAL USE

TChatGPT’s exact language support is not fixed; it understands many languages but quality varies.
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B. Latency and Usability

In an interactive educational setting, the speed of translation (“latency”) and ease-of-use of the system are
important. If a student or teacher uses an Al tool during class (for example, to translate a phrase or get a
quick summary), delays of more than a few seconds could disrupt the flow of learning.

Google Translate is known for its fast response, typically translating sentences almost instantaneously on
the web or mobile apps. This is due to highly optimized models and infrastructure (including on-device
models for some languages). In a timed trial translating a 100-word passage, Google produced the result in
under 1 second, whereas DeepL’s online translator took about 2—3 seconds and the ChatGPT APl (GPT-4
model) took about 5 seconds to generate the full translation. These observations match user reports: Google
tends to have the edge in speed, delivering results “in a matter of seconds” even for paragraphs. ChatGPT
and DeepL, while slightly slower, are still reasonably quick (a few secondsdelay), and users often consider
the wait worthwhile for the improved quality.

It’s also noted that for very long texts (e.g., several pages), Google might slow down if used interactively
(or might need to be used via document translation features), while ChatGPT can handle long inputs up to its
token limit but with increasing latency as the text length grows. DeepL offers a document translation feature
which is slower than sentence-by-sentence but still typically processes a page of text in seconds to a minute,
depending on length.

Usability encompasses more than just raw speed:

. Google Translate’s ubiquity (web, i0S/Android apps, browser integration) makes it easy for students to
access. It also has features like camera translation and conversation mode built-in (I discuss these in
Section 1V). DeepL provides a web interface, desktop apps, and plugins (including an add-in for
Microsoft Word) which can be very handy for students working on assignments. ChatGPT’s interface is
a chat paradigm; users must prompt it with a request like “Translate the following text...” which is an
extra step, but on the flip side, this interface allows for follow-up interaction. For example, a student
could say, “Now explain this paragraph in simpler terms,” and ChatGPT will comply — a level of
interactivity not offered by static translation tools. In an educational context, this interactive refinement
is a huge advantage of generative Al models.

. While Google clearly supports the most languages (including many African, Asian, and indigenous
languages), not all languages are equally well-served. As mentioned, its quality for less-common
languages can be far lower (e.g., Armenian at 55 percent accuracy vs Spanish 94 percent in one study).
ChatGPT’s training data included content from many languages, but it still has gaps; users noted it
struggled with some Southeast Asian and minority languages. If an educator works in a community with
a language not covered by DeepL, that service is not an option, whereas Google or Microsoft might at
least provide a baseline translation. On the other hand, if the class languages are among DeepL’s set (for
example, an EU-based program teaching in English, French, and German), DeepL might provide a
consistently higher quality experience.

. In terms of style, DeepL recently introduced formality settings for some languages, and ChatGPT can be
instructed to use a certain tone or vocabulary level. Google Translate has limited formality control (only
for a couple of languages like Japanese). For education, being able to control whether a translation is in
simplified language or retains academic tone is useful. Here, the LLMbased approach shines because
one can prompt it to “translate to Spanish at a Sth-grade reading level” or “use formal academic
language,” etc. Such fine-tuning is not straightforward in traditional MT systems unless one uses a
specialized model or post-edits manually.
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. Al translations are not immune to errors. Teachers need to be aware that no model guarantees 100
percent accuracy. A concern specific to generative models is the possibility of inappropriate content or
mistranslation that goes beyond the source (since an LLM could output an unrelated sentence if it
misunderstands the task or is given an ambiguous prompt). However, in practice, when used strictly for
translation, GPT-4 is quite reliable; the main “safety” consideration is ensuring it doesn’t inadvertently
hallucinate an explanation that wasn’t asked for. Traditional MTs occasionally produce incorrect but
plausible translations (e.g., translating “organic compounds” incorrectly as a phrase meaning
“organisms’ components’’), which can confuse learners. Therefore, human oversight is still needed when
using any of these tools for critical content.

Overall, each model has particular strengths. Google Translate is fast and broad, DeepL is contextually
accurate and fluent for the languages it supports, and ChatGPT offers an interactive, context-rich translation
experience. In educational use, a combination of these tools might be ideal: for instance, a teacher could use
DeepL or Google to get a quick translation of lesson materials, then use ChatGPT to simplify or explain
portions of the text for students.

APPLICATIONS IN MULTILINGUAL EDUCATION

Beyond raw translation of text, generative Al can support multilingual learners through summaries,
explanations, voice interaction, and other multimodal assistance. In this section, | present case studies and
examples of how these Al capabilities are applied to improve learning outcomes for students studying in a
non-native language.

A. Al-Generated Summaries and Notes for L2 Learners

One powerful use of generative Al in education is creating summaries or simplified notes from complex
content. For students who struggle with the language of instruction, a concise summary in easier words (or
in their native language) can greatly aid retention of the material.

Consider a scenario from a high school world history class taught in English with many English-as-a-
Second-Language (ESL) students. After a dense reading assignment on the French Revolution, the teacher
uses an LLM-based tool to generate a summary of each section in Spanish and Chinese, the primary
languages of her ESL students. The Al produces a few paragraphs in those languages highlighting the key
points: causes of the revolution, timeline of major events, and its outcomes. Students reading these Al-
generated summaries alongside the English text showed improved quiz scores on the content, as they could
confirm their understanding of the main ideas in their first language. This aligns with second-language
acquisition research which shows that providing L1 support for content improves comprehension and
reduces cognitive load, allowing the student to focus on the concepts rather than deciphering language [9].

Generative Al can also produce summaries in the target language but simplified. For example, ChatGPT
can take a Shakespeare play excerpt in English and summarize it in “plain English” (modern, simple
vocabulary). An ESL student might find the original text archaic and difficult, but the summary conveys the
meaning in terms they can grasp, improving their overall understanding when they return to the original text.
This technique was essentially the focus of Murphy Odo’s ATS study [9], and though that study dealt with
automated simplification algorithms, modern LLMs are even more adept at paraphrasing complex text while
preserving meaning. In my own small experiment, 1 prompted GPT-4 to summarize a college-level
economics article in “simpler English, suitable for a 10th-grade student.” The result was a well-structured
summary about 30 percent the length of the original, using simpler sentence structures and explaining jargon
(for instance, it turned “macroeconomic stabilization policy” into “methods governments use to keep the
economy steady’’). Such outputs can function as study notes for students.

There is ongoing research into the reliability of Al generated summaries for education. A comparative
study between Al and teacher-generated summaries in an English as Foreign Language course found
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differences in style and focus. Teachers might highlight certain points they know are important for tests,
whereas an Al summary might be more general. This suggests that Al summaries are a supplement, not a
replacement, for teacher insight. However, when used strategically, they can save teachers time in creating
differentiated instructional materials. For instance, a teacher could quickly get a first draft of summary notes
from the Al, then refine or annotate them with additional context or emphasis as needed.

Moreover, Al can generate reading comprehension questions or flashcards based on a text, which can
reinforce retention for L2 learners. These are not exactly summaries, but a form of note-taking assistance. A
case study in an ESL program in Los Angeles implemented a generative Al platform that, among other
things, produced quizzes and vocabulary lists tailored to each reading passage. Students used Al generated
flashcards (with word definitions in their native language and example sentences in English) to study after
each lesson. The program reported significant improvements in vocabulary retention and reading
comprehension, as the Al could generate unlimited practice material targeting each student’s weak spots.
This personalized support was especially beneficial for students transitioning out of ESL, as it helped bridge
gaps in background knowledge by quickly translating or explaining terms they hadn’t encountered before.

One must note the importance of accuracy and appropriateness in Al-generated content. Summaries must
accurately reflect the source; there is a risk that an Al could mis-summarize or omit a critical detail.
Educators should review Al-generated notes for fidelity. Encouragingly, a human evaluation by Zhou et al.
(2021) introduced methods to ensure meaning is preserved in simplified texts, using comprehension
questions to verify understanding [13]. A similar approach could be used by teachers: after students read Al
summaries, asking a few targeted questions can ensure they captured the right information, and correct any
misconceptions if the summary was incomplete.

In summary, case studies and initial classroom trials indicate:

. Bilingual Summaries: Providing summaries in a student’s native language using Al can increase their
grasp of the material and confidence in class participation. For example, a New York City primary
classroom with diverse language backgrounds saw previously disengaged students become more active
when they received real-time translated summaries of the teacher’s talk in their own language.

. Simplified Notes: Al-rewritten notes in simpler language help intermediate L2 learners solidify
understanding. This is akin to having a “personal tutor” re-explain complex readings in digestible terms.

. Automated Highlighting: Al can be prompted to highlight key points or create bullet lists of the most
important facts from a lesson. This can guide students on what to focus on, addressing the common
situation where L2 learners might not intuitively know what the takeaway of a long passage should be.

. Student-Generated Summaries: Interestingly, students themselves can use Al to check their
understanding. A learner might write their own summary of a chapter in English and then ask ChatGPT
to evaluate it or compare it to the source. The Al can point out if they missed a point, effectively giving
feedback. This kind of use turns the Al into a study partner.

All these uses contribute to improved retention because they encourage the processing of content in
multiple forms and languages. According to cognitive science, summarization is a form of retrieval practice
that reinforces memory [14]. When the process is augmented by Al, students can engage in this practice
more efficiently (especially if they struggle to produce summaries on their own due to language barriers).

B. Voice and OCR Integration for Real-Time Support

Generative Al’s role in multilingual education is not confined to text-based translation. By integrating
speech and vision technologies, Al can assist in real-time communication and content access.

Speech-to-text and text-to-speech advancements, powered by Al, have enabled real-time voice translation
tools. For instance, Microsoft’s Translator and Google Meet’s caption systems can transcribe a teacher’s
speech and display translated captions nearly instantly. In one case study, a primary school implemented an
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Al translation tool in class: the teacher spoke in English, and each student had a tablet that showed a live
translation of the speech in their preferred language. Students could also wear headphones to hear a text-to-
speech voice speaking the translation. This setup dramatically improved participation; students no longer felt
lost when they missed a word or phrase in English, since they could catch up via the real-time subtitles or
audio. Such systems rely on automatic speech recognition (ASR) feeding into an MT engine, and optionally
a neural text-to-speech (TTS) voice reading out the translation. The technology for this has matured — for
example, Zoom and Teams offer live translated captions in several languages, leveraging cloud-based Al
services for ASR and MT. Under the hood, these are pipelines: audio — text (via an ASR model, often an Al
model like Microsoft’s Azure Speech or Google Cloud Speech), then text — text translation (via NMT), and
possibly text — audio (via neural TTS).

One technical challenge is maintaining low latency so that the translated captions appear only a few
seconds after the speech. Optimizations such as incremental translation (translating partial sentences before
they are finished) and powerful ASR models contribute to making this feasible. In a lecture translation
system developed at Karlsruhe Institute of Technology, researchers managed to provide real-time German-
to-English lecture translation by splitting sentences and using domain adaptation for technical terms [12].
The result was integrated into lecture halls, allowing international students to follow German lectures by
reading English subtitles. Today’s generative models can enhance this even more by possibly providing
smarter rephrasing on the fly; however, using an LLM in real-time is currently limited by processing speed.
Instead, specialized streaming MT models handle the task.

In addition to translating what the teacher says, voiceenabled Al can assist students in the other direction:
understanding student speech. A student with limited proficiency might struggle to ask a question in the
class language. By speaking in their native language into an Al assistant (say, on a phone or a smart
microphone), the speech can be translated for the teacher or the class. This has been trialed in some
multilingual events where attendees speak their language and an Al interpreter voice outputs another
language. Although not yet common in everyday classrooms, it’s a foreseeable aid. Already, tools like Skype
Translator allow bilingual voice conversations with each participant hearing the other in their preferred
language. In an educational context, this could mean a Spanish-speaking parent can speak to an English-
speaking teacher via an Al intermediary that instantly translates in both directions, improving parent-teacher
communication.

Many educational resources are not in plain text form — consider diagrams, textbooks, or handouts. OCR
technology converts images of text into digital text. When combined with translation, this allows a student
to, for example, take a photo of an English worksheet and get it translated to Chinese. Google Translate’s
mobile app famously offers a “camera mode” where you point your camera at text (like a science worksheet
or a classroom poster) and it displays the translated text over the image in augmented reality. This is
essentially OCR + MT running in near real-time. Underneath, as Google researchers described,
convolutional neural networks detect text in the image and another network transcribes it, which is then fed
to the translation model. Impressively, much of this can work offline for major languages by storing compact
neural networks on the device. In classroom use, OCR translation helps when materials are only available in
one language. For instance, a refugee student joining a school might bring transcripts or letters in their
language; OCR translation can help school staff quickly read those. Or a teacher might only have an English
version of a storybook but wants to provide a Vietnamese translation for a new student — scanning and
translating key paragraphs via Al is quicker than manually translating.

Additionally, OCR can be used to assist reading. If a student is reading a printed book in a second
language, they could use a phone or tablet to scan a difficult paragraph; the Al could both translate it and
also present a simpler rephrasing in the original language. Such multi-faceted support (translation plus
simplification) could be done by combining OCR with an LLM: the OCR extracts the text, feeds it to
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ChatGPT which is prompted: “Translate this to X and then summarize it in simpler Y language.” The
technology pieces exist and just need to be orchestrated.

A noteworthy development is multimodal LLMs that can directly accept image inputs. For example, GPT-
4 has a variant that can take an image and output text. This means an Al like GPT-4 could directly read a
picture of a worksheet and translate or explain it without separate OCR software — effectively doing OCR
internally as part of its process. Early examples have shown it can interpret screenshots of documents or
even solve math problems from a photo of handwritten text, indicating robustness in understanding visual
text.

1) Use Case on Real-Time Multimodal Assistance: Imagine a scenario where a student is doing homework
from a textbook in English, which is not her first language. She can use an Al assistant on her tablet where
she snaps a photo of each page. The assistant, powered by an LLM, reads the text (via OCR), translates any
parts she highlights into her language, and even allows her to press a button to hear an explanation of that
section in her native tongue (using TTS). If she encounters an English word she doesn’t know, she can circle
it on the image, and the Al will provide a definition in English and a translation. Such fluid interaction is
increasingly possible with integrated Al services. Some educational apps are already moving in this
direction, providing “scan and translate” or “scan and learn” features.There are also specialized pen devices
and apps (e.g., the Google Lens app, or the Microsoft Immersive Reader) that read text aloud and can
translate it, aimed at literacy and language support. These can be extremely helpful for learners with reading
difficulties or those who benefit from hearing as well as seeing text.

Despite these promising integrations, challenges remain. Speech recognition for non-native speakers or
children can have higher error rates (accents, pronunciation differences can confuse the ASR). This could
lead to mistranslations if the speech is transcribed incorrectly. Efforts are being made to improve ASR for
diverse accents and age groups. Also, real-time translation systems still face difficulties with homophones or
ambiguous words in speech — without context, an ASR+MT pipeline might make errors. Researchers like
Stuker (2024) argue that truly accurate translation will require” multimodal context, such as also analyzing
visual cues (slides, gestures) and conversation context. Indeed, Zoom has started incorporating OCR from
slides being shared to provide more context to its live translation, thereby improving accuracy.

For OCR, layout and formatting can be tricky — while translating a simple line of text is easy, maintaining
a table or a math equation from an image is more complicated. Al might extract the text but lose the
structure. Work is underway on “image translation” that tries to keep the format (some PDF translators
attempt this). In educational material with lots of figures, it may be better to translate the captions and leave
the figure content as is (or have the teacher explain separately).

Despite these issues, voice and OCR integrations of Al are already making an impact. They enable what is
essentially universal translation accessibility: spoken or written language can be converted to the language
of the learner at the moment of need. This immediacy is key — it’s like having a translator and tutor by your
side at all times. Students can engage more with content when these barriers are lowered.

DISCUSSION AND PEDAGOGICAL IMPLICATIONS

The deployment of generative Al for multilingual support carries several implications for teaching and
learning.

First, it empowers learners to take control of their understanding. Students no longer have to skip over
sections they don’t fully grasp due to language; they can proactively seek an Al translation or explanation.
This can build confidence and foster more inclusive participation. For example, a student might be more
willing to present in class knowing they can use an Al tool to check that they’ve understood the material
correctly. Over-reliance is a concern (we want students to also practice language skills), but when balanced,
Al tools act like training wheels that can be gradually removed as proficiency improves.
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Second, educators will need to adapt their strategies. If

Al translation is available, teachers might incorporate more diverse materials (perhaps using sources in
multiple languages, since translation can bridge them). Teachers can also save time on creating multi-
language resources by using Al as a starting point, then focusing their effort on fine-tuning and verifying
accuracy. An important pedagogical practice will be to review Al outputs to avoid the propagation of errors.
Teachers become curators of Al-generated content, which requires both language knowledge and awareness
of AI’s limits.

Another implication is the opportunity for personalized learning. Generative Al can tailor outputs to
individual needs — something nearly impossible for a teacher to do for each student in a large class. One
student might get additional definitions of basic vocabulary, another might get enrichment content in their
native language drawing parallels to their home culture. Al can generate both without burdening the teacher.
This supports differentiated instruction, a long-standing challenge in education, especially in multilingual
classrooms.

However, this also raises equity concerns: not all students may have equal access to such Al tools (due to
device, internet, or cost limitations). Schools and policymakers must consider providing access to approved
Al translation and learning tools so that this doesn’t widen the digital divide. Privacy is also a consideration;
If students are inputting text or speech that includes personal information into Al services, data security must
be ensured. Using on-device or offline models (as Google enables for some translation tasks) could mitigate
sending data to cloud servers. Moreover, ethical guidelines are needed for when and how students should
use Al assistance — for instance, using Al to do all their homework translation might hinder their language
learning if not monitored.

From a technical perspective, continued improvement in Al will further blur the lines between translation
and explanation. We are likely to see more hybrid systems that both translate and simplify, or translate and
annotate. This will be advantageous pedagogically, because students often need both linguistic and
conceptual bridging. Imagine an Al system that not only translates a paragraph but also attaches a brief
glossary for key terms and a few comprehension questions — essentially generating a mini lesson. Such
capabilities are emerging with LLMs.

It is also worth discussing the role of human languages and culture. Language is not just words; it’s tied to
identity and expression. If students rely heavily on Al translation, will it affect their motivation to learn the
language of instruction? Educators should encourage viewing Al as a tool to supplement language learning,
not replace it. Perhaps paradoxically, having content more accessible might increase engagement and
eventually help students pick up the second language faster because they can follow along in class instead of
tuning out. But deliberate language practice still needs to be embedded in the curriculum.

Culturally, Al translations need oversight to ensure they are culturally sensitive and accurate. Al might
inadvertently use a word that is technically a correct translation but culturally inappropriate in context. For
example, certain words of address or idioms might not carry over well. Teachers or bilingual staff reviewing
materials can catch these issues. In high-stakes or culturally sensitive content (like history or social studies
topics), relying purely on Al without human check could risk misrepresentation. As a safeguard, involving
community members or native speakers to verify Al-translated materials for local use would be ideal.

Another pedagogical consideration is assessment. If students can use Al to translate or write for them, how
do teachers assess true comprehension and skills? This is part of a larger debate on Al in education. One
approach is to shift some assessments to oral or in-person demonstrations of understanding, or to focus on
application of knowledge rather than just recall from a text. Alternatively, teachers might allow Al for
certain tasks (just as calculators are allowed in math after a certain stage) and instead evaluate how students
utilize and post-edit Al outputs. For language learning classes, obviously, uncontrolled use of translators
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would undermine the process; thus, clear policies (like “no external translators on writing exams”) must be
in place, possibly coupled with monitored testing environments.

Finally, in terms of teacher training, professional development should include training on these Al tools.
Many teachers are not yet familiar with the capabilities of ChatGPT or DeepL beyond basic use. Workshops
that show how to integrate Al into lesson planning for multilingual classes can help teachers feel more
comfortable and creative in using them. Early adopter educators have started sharing prompt ideas (e.g.,
using ChatGPT to generate bilingual vocabulary quizzes or role-play dialogues for language learners). A
community of practice around Al in multilingual education will help propagate successful strategies.

CONCLUSION

Generative Al is poised to become a transformative ally in multilingual education, breaking down
language barriers that have long impeded global learning. My analysis of translation models shows that Al
can reliably translate complex academic texts with a high degree of accuracy, often preserving context and
nuance on par with human translators for many language pairs. Tools like Google Translate and DeepL offer
fast and accurate translations for a broad swath of languages, while LLMs such as GPT-4 introduce a new
dimension of contextual understanding and interactive explanation that can be harnessed for educational
benefit.

| presented examples of how Al-generated summaries and simplified notes can bolster comprehension and
retention for students learning in a second language. These generative models act as on-demand interpreters
and tutors, providing clarifications in the student’s preferred language without significantly interrupting the
learning process. The integration of voice recognition and OCR extends these benefits to spoken
communication and printed materials, respectively, enabling real-time translation of lectures, discussions,
and textbooks. This essentially creates a multilingual learning environment where students can access
information in the form most understandable to them, whether that’s reading subtitles in their native
language or hearing a passage explained aloud.

The technical underpinnings — from Transformers in NMT to large-scale pretraining in LLMs — ensure that
these Al systems will continue to improve in fluency, speed, and accuracy. With ongoing advances, we can
expect even low resourceSlanguages to gain better support, further democratizing knowledge access. For
instance, a future Al model might fluently translate a physics lesson into dozens of local languages,
something not feasible to do manually.

Pedagogically, the implications urge a thoughtful integration. Teachers should leverage Al to enhance
inclusive teaching: for example, by preparing multi-language supplementary materials and encouraging
students to use translation tools as a learning aid. At the same time, educators must guide students in the
proper use of these tools to develop their own language skills and critical thinking. Al is not a replacement
for learning a language, but a support for learning through a language until proficiency is built. It also offers
opportunities for students to engage with content more deeply by removing the frustration of language
comprehension issues, thereby allowing cognitive resources to focus on higher-order learning tasks.

I emphasize the necessity of maintaining human oversight. In all my case studies, the best outcomes
occurred when Al was used under the guidance of a teacher or informed learner. This ensures that errors are
caught and cultural context is respected. As generative Al becomes more embedded in educational software,
establishing trust in its output (through rigorous evaluation and possibly certifications of quality for certain
educational uses) will be important.

In conclusion, generative Al, with its multilingual and generative prowess, is a powerful tool to bridge
language gaps. It can make global learning truly inclusive by bringing knowledge to students in the language
they understand best. The technical progress in Al language models aligns well with pedagogical goals of
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accessibility and personalized learning. By embracing these technologies thoughtfully, educators can
significantly mitigate language barriers, allowing students of all linguistic backgrounds to engage with and
excel in academic content. The future of multilingual education is one where language differences are no
longer a wall but a mere speed bump — one that Al helps us smoothly glide over on the journey to
understanding.
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