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| ABSTRACT  

There is a growing trend of contextual AI assistants in multilingual support for the education, health care, customer service, 

public administration, tourism, enterprise communication sector. Unlike scripts-driven or question-answer specific chatbots, 

contextual AI assistants response in a more relevant and adaptive fashion, using conversation history, user intent, domain 

expertise, retrieved documents, cultural signals, and task-specific, pertinent information. Transformer models that address 

languages, multilingual pre-trained models, large language models, and retrieval-augmented generation have all made great 

strides in improving the ability of AI assistants to comprehend and respond in various languages. However, support for multiple 

languages is not consistent, particularly for languages of low resource status, non-native languages, code-mixed language and 

culturally appropriate language. This review consolidates and summarizes literature on the evolution, their domains of use, 

methods of evaluation, and ethical challenges of multilingual language models (MLM), context-aware dialogue systems, 

retrieval-augmented generation, and applications of contextual AI assistants. While existing systems are becoming more 

effective at cross-lingual transfer, more effective ability to reason from context, and domain-grounded response generation, they 

have a number of limitations, primarily in the areas of hallucination, language bias, privacy, explainability, benchmark imbalance, 

and cultural adaptation. This paper outlines and categorizes contextual multilingual AI assistants and outlines future research 

directions for creating more reliable, inclusive, transparent, and human friendly AI assistance programs. The results point to the 

potential for a more powerful race of multilingual AI assistants in the future, integrating these features: language support, 

context management, retrieval grounding, culturally-appropriate interaction design, and comprehensive assessment tools and 

dialog systems designed for different linguistic communities. 
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1. Introduction  

Artificial Intelligence (AI) assistants are proving to be key in connecting people and digital systems. They can be used to build 

question answering systems, navigation services, recommendations, translation systems, decision-making systems, and systems 

used for communication automation [2]. Some of the previous conversational agents were primarily based on a set of rules, 

keyword matching or very short-range intent classification. These systems were effective for limited uses but were not good 

when users switched languages, used informal text, mentioned previous turns in the conversation or queried with situations that 

required domain knowledge. The limitation has been addressed by transformer based natural language processing that allows 

flexible and context-sensitive language processing. Vaswani [38] laid the groundwork for the transformer architecture that serves 

as the basis of the modern language models, and Devlin [11] showed the effectiveness of the use of a contextual language 

representation for natural language understanding tasks using BERT. 
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As digital platforms address the needs of a variety of linguistic and cultural groups, the need for multilingual AI assistants has 

grown. Systems need to automatically-translate in response when asked in other languages in education, healthcare, public 

services, ecommerce and customer service, which demands systems that recognize both the individual's level of digital literacy 

and their spoken language [10]. But, multilingual support is not just about translation. Key elements of effective support are: 

understanding what users are trying to do, maintaining user context, being aware of user culture, searching for relevant 

information, and providing linguistically and culturally adequate answers. To direct the cross-lingual transfer various other 

models were developed, including multilingual models like XLM-R with unequal performance to low resource languages, dialects 

and code-mixed communication [9]. 

Understanding the context is key to intelligent AI support. A contextual assistant is an assistant that understands the previous 

turns that a user has made in the conversation, what the user wants, the overall purpose of the task, what the domain allows and 

what the user might know. An assistant in a multilingual situation may, for instance, need to maintain history of the conversation 

in the various languages, retrieve documents in one language and make them understandable to respondents in another. The 

use of few-shot learning and flexible task adaptation to learn from small amounts of data or adapt to novel tasks has enhanced 

these abilities, as has the ability to generate fluent utterances, using LLM models [6, 31]. More generally, open multilingual 

models like BLOOM [34] also highlight need for more extensive language coverage in general large-scale AI to come to fruition. 

However, these models can fail to produce accurate or valid information, particularly in extremely critical contexts like healthcare, 

immigration, law and public administration [3]. 

Nearly one way that retrieval-augmented generation is being used to increase factual knowledge is by using it to increase factual 

grounding. RAG systems do not just need to rely on knowledge that is hard coded into the system weights, they also need to be 

able to retrieve the relevant documents or passages which can serve as evidence for output generation. This method was found 

to improve the performance on knowledge-based NLP tasks by Lewis [21]. In multilingual settings, RAG can be used to answer 

questions in the language, domain and policy code set that they are prepared to answer, including low-resource language 

systems like Swahili conversational systems [26]. Retrieval errors, reliability of sources, document language mismatch, latency, 

and faithfulness evaluation, however, pose other problems for RAG. 

In this review, underlying architectures, context management, RAG, evaluation techniques, applications, and ethical 

considerations of contextual AI assistants in multilingual scenarios are explored. It's most significant feature is a hierarchical 

organization and overview of context-oriented, multi-lingual AI helpers. 

 

2. Methodology of the Review 

To take the required steps to ensure the conservation of the protocol of a systematic review in this study, the approach of a 

structured narrative review was chosen. The goal is to compile available and information and group it into important themes 

covering contextual AI assistants and multilingual assistance. The review is organized according to transparent identification, 

screening, selection and synthesis as recommended in the PRISMA-Style reporting guidelines [29]. 

To conduct the literature search, the following keywords were used: “context-aware conversational agents,” “contextual AI 

assistants,” “multilingual support,” “multilingual dialogue systems,” “LLM (large language models),” “RAG (retrieval-augmented 

generation),” “cross-lingual transfer,” “low-resource languages,” and “.multilingual chatbot evaluation.” Peer-reviewed papers 

available in journals, conference papers, influential papers in preprints and market-proven benchmark studies were given priority 

between the years 2017 and 2026. 

This included studies that covered multilingual natural language processing, conversational AI, context-aware dialogue systems, 

large language models, retrieval-augmented generation, low-resource language technologies, multilingual evaluation, or ethical 

issues regarding the use of AI to aid in communication. Basic research was included along with technologies directly relevant to 

the era of modern AI assistants, like transformers, contextual language models, and large-scale pre-training. Studies involving 

conversations or low resource support, as well as those pertaining to multilingualism and retrieval grounding were included in 

recent studies. 

Researches that did not include language-processing capabilities, those that concentrated on general AI, not on the language 

part, or those that were based on very limited rules and did not have “real” processing capabilities, and those that were paper 

records were duplicated or not academic opinion papers or those that did not provide enough technical details, were omitted 

from the study. The selected research studies fell into six categories, including multilingual language models, context-aware 

dialogue modelling, retrieval augmented generation, application domains, evaluation and benchmarking, and ethical issues. 

Since there are many differences across various models, datasets, tasks and metrics in the field, a conceptual synthesis approach 

was employed as an alternative to statistical meta-analysis. For instance, intent recognition and dialogue-state tracking are 

assessed in some studies, retrieval quality, factuality is assessed in some studies, user satisfaction or cross-lingual transfer in 

some studies. Themes of comparison, elicitation of theme taxonomy and gaps in research are reflected throughout this review, 

because many of the dialogue benchmarks are still English oriented. 
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3. Conceptual Foundations of Contextual AI Assistants 

Contextual AI assistants are AI-powered conversational tools that are able to offer adaptive assistance by understanding user 

input in relation to other surrounding aspects of a conversation, language, information and environment. Contextual assistants 

can leverage data from the previous turn, user intentions, domain knowledge, and external sources to deliver better responses as 

opposed to simple turn-based chatbots that respond based on an intent or script [12]. In use, a contextual assistant would need 

to be able to deduce the meaning of the user's query, the motivation behind the request, information that has already been 

mentioned, the source of information and how to present the answer in the user's language of preference. 

Prospects of contextualization are closely related to the progress of neural language modeling. Advancements in neural 

language modeling are closely linked to the rise of contextual AI assistants. They adopted the transformer architecture which 

enabled them to model relationships between tokens that span a whole sequence of tokens by adding self-attention as a 

mechanism, yielding more powerful ways of accounting for long-range dependency than many previous recurrent architectures 

[38]. This was significant for conversational AI since a great deal of the appearance of sentences relies on long-distance 

interactions such as pronouns, references, ellipsis and implicit meaning in multiple turns of the conversation. In turn, BERT 

improved over the previous methods in a several ways, including by using deep bidirectional models and fine-tuning them for 

specific tasks, such as question answering and natural language inference [11]. All of this helped bring conversational systems 

from rule-based flows to more flexible and language driven systems. 

 

Table 1 Summary of Key Concepts in Contextual Multilingual AI Assistants 

 
 

3.1 Context Awareness in AI Assistants  

Context awareness: An AI system's capability to leverage context, or surrounding information, when deciding what to interpret or 

about what to reply. The context in AI for conversational applications can be segmented into multiple types. Dialogue context: 

using previous user and/or system turns. Task context refers to the mission or task which is in a current state, such as making an 

appointment, going through an administrative procedure, or sales policy. User context can refer to a user's language preference, 

level of expertise, accessibility needs and prior interactions. Other contexts like health care, education, immigration, agriculture, 

customer service, have specialized knowledge that may be called domain context. Local norms, conventions of politeness, and 

idioms and socially appropriate means of explaining is included in cultural context. Context is retrieved as external documents 

knowledge base/databases used to aid the response [5]. 

In multi-turn interaction, giving context is particularly very important. A user can start with a general question that becomes 

more specific later in the incoming chat, switch to a different language halfway in the conversation, and continue the 

conversation with additional questions by using the vague terms like “that”, “there”, or “the second option”. With a non-

contextual system, the system can construct all possible responses to each query without considering whether they are relevant 

or appropriate, certainly not allowing the context to influence them. Rather, a contextual assistant should maintain context and 
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refine its grasp of the conversation as it evolves [30]. For task-oriented dialogue systems, this is typically related to dialogue-

state tracking, a process where the system monitors user goals, constraints and values of the system's various slots through 

conversation turns. This problem has been formalized with multi-domain datasets like MultiWOZ, which include many 

conversations within multiple domains, including forums, restaurants, taxi and attractions. It has been formalized using multi-

domain datasets, such as MultiWOZ, which is a collection of conversations over a variety of domains including forums, 

restaurants, taxis, and attractions [7]. 

With multilingualism things go a bit more complex with respect to context awareness. Different language variations can be used; 

existing words may be borrowed, or local variations may be used along with a dominant language; and cultural words and 

concepts may be employed. This is not enough to make it easy to be translated. For example, an assistant that provides public 

service support should not just be multilingual, capable of translating the terms, but also explain the meaning in a manner that 

does not differ from the social and administrative context of the user. Likewise, the healthcare assistant must ensure that the 

medical significance remains intact across languages but that it doesn't become oversimplified. This can cause misinformation, 

exclusion or unsafe advice in these contexts of failure [24]. 

 

Table 2 Types of Context Used in Contextual Multilingual AI Assistants 

 
 

3.2 Multilingual Support in Conversational AI 

Multilingual support means the capability of an AI assistant to process, understand, retrieve and create information in more than 

one language. This can be as simple as language identification and machine translation. At higher levels, it demands the ability 

to understand and respond at a cross lingual level, to transfer the information, to adapt the information to different cultures, and 

to ensure comparable performance across language. Multilingual representation learning is integral to modern multilingual 

conversational AI, involving the training of models on large collections of texts in multiple languages, and enabling similar 

expressions across different languages to be embedded together in a shared space [32]. 

There are significant examples like multilingual BERT and XLM-R for this development. Both the multilingual and BERT extensions 

showed how to make use of multilingual corpora for representation learning to enable cross-lingual dialog transfer [27]. Both 

the multilingual extension and BERT exhibited the power of representation learning from a multilingual corpus for cross-lingual 

dialog transfer learning [11]. The paper by Conneau [9] demonstrated that XLM-R was well suited for large-scale unsupervised 

cross-lingual representation learning, and achieved good results across multilingual understanding tasks. The models enabled 

systems to be developed to be very specific in one language and to be able to transfer other capabilities to the other 

language(s). The extent of training data in each language and their quality, however, typically have a significant impact on 

performance. There tends to be a greater benefit for high resource languages (those that have many resources, such as English, 

Spanish, French, and Chinese) than in low resource languages [4]. 
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Multilingual AI assistants still have a way to go before they can be of service in the low-resource language category. The 

availability of annotated datasets and the uniformity of spelling conventions, as well as fewer numbers of digital documents and 

less availability in large digital corpora, are smaller in many languages. Community-driven datasets like MasakhaNER have 

proven useful for African languages, and that most NLP research under representatives are not represented in research. Many of 

the African language communities are underrepresented in NLP research and community driven datasets like MasakhaNER have 

proven to be useful [16]. This is a direct focus point for multilingual support as there is a possibility of an assistant working well 

in high resource languages but failing in low resource languages causing perpetuation of existing digital inequalities. Therefore, 

assessing multilingual AI assistants in terms of their average performance is not sufficient; performance variations by language 

and for various user groups should also be assessed.  

 

Table 3 Multilingual Support in Conversational AI 

 
 

3.3 Large Language Models and Retrieval-Augmented Generation 

By allowing for more much-less-tuned generation, instruction following and few-shot adaptation, LLM’s transformed the design 

of Generative AI's assistant. Brown [6] showed that scaling model size and training data makes for good task generalization via 

prompting. To that end, it has been shown that many NLP tasks can be reformulated as problems involving generation of text 

from input data [31], such as provided by text-to-text models. New open LMs (with more languages, more transparent 

collaborative processes) of the type of OpenAI's GPT-3 or BLOOMs were also introduced, showing that there is the potential to 

build larger LLMs with more languages and more transparent processes of development [34]. 

But large language models also introduce the danger to provide contextual multilingual support. May produce fluent answers 

but answers are incorrect; may overgeneralize and use dominant language patterns; may lose the meaning of the matter in the 

target language; or may come up with culturally inappropriate answers. One approach that tackles some of the issues mentioned 

above is retrieval-augmented generation (RAG), which ties the generative part of AI models with external data stores of 

knowledge [13]. They then use this to restrict the answer it generates in the RAG systems so that it uses relevant information 

retrieved from a document collection and rates it accordingly. An advantage of this method, for multilingual support, is that the 

assistant can refer to relevant, and possibly corpus, up-to-date and language specific documents to find answers other than 

model memory [21]. 

RAG can be used in the context of multilinguistics, where a user asks a question in one language and RAG system returns the 

relevant evidence in a different language. It can also aid in local information retrieval by searching the information bases of 

official documents, institutional policies or the community-specific knowledge base in the localized language. However, 
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multilingual RAG needs to be well-designed. Even if the generation model is high quality, inaccurate interpretation can result 

from retrieval failure, failure to properly translate, a lack of matching with documents, and/or poor source ranking. Thus, the 

quality of the contextual multilingual assistants should be assessed in a full-fledged system that relates to the different stages of 

language understanding, language retrieval, grounding, language generation, and the user experience [25]. 

 

4. Architectures and Technologies for Multilingual Contextual Assistants 

The framework of a multilingual AI assistant designed for contexts generally is structured into several layers. The architecture of a 

contextual multilingual AI assistant usually involves several layers: input processing, language identification, natural language 

understanding, context management, and knowledge retrieval, response generation, safeguarding and output delivery. These 

functions have been implemented as a single large language model in simple systems, but in more complex systems, they are 

split into different components, to boost reliability, transparency, and control. The layers are particularly relevant for 

multilingualism, as the presence of language variance, domain-specific terminology, cultural context and code switching makes 

challenges in interaction go beyond what is encountered in a traditional single language scenario [28]. 

The first one is ‘Input Processing'. In order to assist the user, the assistant needs to be able to recognize the language the user 

uses, understand spelling variations, correct informal expressions or recognize when the user has typed in something in different 

languages or mixing languages together. In a multilingual community, often words from different languages will be used 

together in the same sentence, called code switching, or two languages will be spoken adjacent in the same sentences. A single 

language per conversation setting could be misinterpreted, as would be the case in healthcare, education and public services 

when users employ local terminology describing technical or official terms. 

The second is the understanding of natural language. These are features such as intent recognition, entity extraction, sentiment 

detection, and dialogue-state tracking. Someone in the customer support team, for instance, will have to determine if the user 

wants some information, wants to report a problem, is asking for every payback or wants any technical guidance. There can be 

variability in the means of expression for the same meaning among the languages and cultures in multilingual settings. To solve 

this, there are methods like multilingual BERT and XLM-R, which are able to learn common representations across languages, but 

even they do not seem to perform as well for low-resource languages [9, 11]. 

The third layer is the context management. This component keeps and updates information about dialogue that is relevant to 

the conversation. For example, when a user inquires about requirements for admission, and proceeds to ask, “What documents 

do I need for that?” the Bot should relate “that” to the previous question. Context management can include continuation of the 

dialogue-state, user preferences, goals regarding tasks, or summarizing previous turns. It can be hard to have long calls, though, 

since the models come with a maximum number of contexts they can remember and they could get off topic. 

The fourth layer is about knowledge access. Retrieval-Augmented Generation, which retrieves relevant documents, passages, and 

database or table entries before generating a response, is gradually becoming used by modern assistants when appropriate. This 

puts the answers in context and is helpful when accuracy is critical, like in the fields of healthcare, immigration, legal and 

university administration, and technical support. A new study by Lewis [21] demonstrated that retrieval-augmented generation 

works well when the task is related to knowledge and combines a retrieval component with generative models. 

“Response Generation” is the fifth layer. Large language models can return a fluent and flexible response; however, the 

advantage of fluency doesn't ensure accuracy. In Multilingual Support responses should convey factual information, be sensitive 

to user language preference and include relevant tone. T5 models and generative pre-trained transformer (GPT) models, 

together with multilingual LLM models, can deliver better quality of generations, albeit with the tendency to deliver possibly 

hallucinatory and off-cultural responses [6, 31, 34]. 

The last layer is security and quality assurance, such as protecting privacy, detecting bias, filtering toxicity, signaling uncertainty 

and escalating to human support. Based on AI literature, contextual multilingual assistants can be roughly categorized as model-

based, retrieval-based, task-based, personalized, low resource, multimodal, or agentic assistants. 
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Table 4 Taxonomy of Contextual Multilingual AI Assistants

 
 

5. Application Domains 

Contextual multilingual AI assistants are becoming ubiquitous across industries where users are needing real-time, language 

intelligent support in a timely and accessible way. Healthcare is a one key application area. Multilingual healthcare assistants are 

able to explain health issues, provide directions on medications, how and when to make appointments, diet advice, public health 

services, and health prevention tips. In public health communication, conversational AI can help facilitate widespread messaging 

in terms of multiple language delivery, and customization to suit varying literacy levels. In short, the healthcare sector is one of 

the most high-risk areas involving health assistants, which requires that they refrain from an unsupported diagnosis, maintain 

clinical meaning in the translated text, and make it clear where end-users are expected to reach out to a qualified professional. 

This is another great use for retrieval grounding because reliable and up-to-date information has to be used for medical 

information [23]. 

There's a great emphasis on education, too. Multilingual customized AI can offer tutoring, language-learning assistance, 

academic advice, writing feedback and institutional information. Students could gain advantages from having their explanations 

in their mother tongue and still applying academic vocabulary in the language (L2) of instruction in the multilingual classroom. 

The AI Assist can interact with university systems, course registration, rules for scholarships, administrative process etc. to make it 

easier for international students to navigate. Educational assistants, however, need to be carefully crafted to facilitate learning, 

and avoid the temptation to supplant its attainment. They should stimulate thinking and teaching and not just answer the 

question [35]. 

Another area where contextual multi-lingual assistants can play a significant role is customer or enterprise support. Many 

customers whose native language is not the same as yours are expecting information to be easily available and that it will be 

translated for them. Customers from around the world may use a different language and expect a response promptly. AI 

assistants can help field general common queries, address product issues, handle service requests, and escalate more complex 

queries to humans. This means that the customer experience will be better as the assistant will be aware of previous information, 

save from having to repeat information, and respond to the user's specific problem. Translation or retrieval of support in multiple 

languages can enhance waiting times and accessibility but can also be detrimental when they are not accurate or the translation 

is of poor quality [15]. 

Another significant domain for public administration and immigration services are highly relevant. In many cases, the form can 

be complicated, needs to be filled out in specific ways, have certain eligibility requirements and deadlines, and contain legal 

jargon and procedural information [33]. Public services can be more accessible to migrants, refugees, international students and 

minority language users through the use of multilingual contextual assistants. Update: This pertains to an online domain being 

used as well, which can have serious comes and goes if the right info is incorrect, as that can impact the legal standing, eligibility 

for benefits or conform to official requirements. Thus, public administrators' assistants needs to be retrieval-centered, source-

attributed clear, and escalation to human administrators uncertain cases [14]. 
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Multilingual contextual support is also used to support tourism and cultural services. Using AI assistants, they can offer 

suggestions that are dependent on location, translate languages for them, plan their itinerary, explain the backstory, and provide 

advice on emergency situations. In this area, cultural context can be particularly relevant; users can pose questions regarding 

socially appropriateness, etiquette, local laws or culturally sensitive areas. The role of an assistant isn't just to convey information 

on travel, but to convey it in a manner that encourages respectful and informed interactions [40]. 

Multilingual contextual assistants are also an emerging field in the area of agriculture and rural advisory services. There are times 

when farmers require information that is on time such as crop disease, weather, utilization of fertilizers, pest management, 

market prices and government schemes. This information needs to be given in local languages/dialects in many areas. A 

contextual assistant will be able to interpret the question posed by the user, search and find the relevant agricultural information 

and offer concrete and user-friendly suggestions. But rural and low-resource areas pose technical challenges including lack of 

connectivity, dialect variation, low digital literacy and quality of local language data. Therefore, for this reason, agricultural 

assistants can be optimized to deal with low bandwidth intervention, and mechanisms for uncertainty-handling and human 

experts should be built [17]. 

Multilingual contextual AI is also needed in the financial industry and in supporting employees. Multilingual contextual AI is also 

growing in demand across the financial sector and in providing support for employees at the workplace. In many situations, 

banks, insurance companies and human-resource departments need to translate complicated policies to a different language for 

their users. Support staff can describe claim and account policies and procedures, workplace benefits, employment policies and 

compliance. In such scenarios, it is crucial to have an understanding of context as the assistant needs to adjust the message 

according to the customer's profile, area, profession, or service history. In the case of sensitive personal information, there are 

also concerns that financial and work place assistants will breach this privacy and, in doing so, provide more advice than they are 

authorized to do so [18]. 

But in all these areas, contextual multi-lingual AI assistants are going to rely on more than their linguistic abilities. An effective 

assistant will be precise, comprehensible, culturally competent, and minimize its limits in neutrality. Assistants serving in domain 

specifics should be linked to a trusted source of information, and should not output information that they are not certain about 

as facts. In high risk environments, there still needs to be a human presence. Thus, the best opportunities may not just be ones 

that facilitate communication with humans, but ones that are powered by AI scalability and executed in a way that is human-

centered, evidence grounded and responsibly escalated [36]. 

 

Table 5 Application Domains of Contextual Multilingual AI Assistants 

 
 

6. Evaluation Metrics and Benchmarking Approaches 

Measuring conversational quality in contextual multilingual AI support is a difficult challenge, as it requires capturing multiple 

factors related to understanding, relevance, coherence, factuality, safety, cultural appropriateness, and user satisfaction [39]. A 
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system can give good answers and bad information or a system can find relevant documents but be unable to describe them 

well to the user. Thus, assessment needs to be multi-faceted, and should not rely solely on a single measure. 

Natural language understanding is an important aspect of this. This encompasses the classification of the intents, entity 

extraction accuracy, accuracy of filling in slots, and dialog state tracking. Such metrics can be helpful for task-oriented assistants 

which need to learn about the user's goals and gather information over multiple turns. The impactful datasets have been used 

for benchmarking dialogue systems because they have implicit multi-domain, multi-turn conversations included, including 

datasets like MultiWOZ [7]. 

The second area developed is the quality of response generation. Conventional evaluation metrics like BLEU, ROUGE and 

METEOR match the candidate answers with any of the reference answers, however it's restricted because conversational question 

can have numerous proper answers. To overcome this problem, Zhang [41] developed Semantic metrics like BERTScore that are 

based on the contextual embedding of words. Other parameters such as meaning preservation, grammaticality, naturalness, and 

cultural appropriateness should also be taken into account in multilingual situations [37]. 

A third area is that of context relevance. Contextual assistants need to tap into the right prior context but not get lost in 

irrelevant conversations. Evaluation should consider if the system uses a referential strategy properly, maintains the topic, retains 

the constraints of the user and does not contradict from one turn to the next. It is crucial in longer interactions where models 

might not recall or repeat earlier information or focus more on what has happened more recently. 

Retrieval augmented assistants – retrieval quality assessment needed. The system checks on the Recall at a set value (k), on the 

precision at a set value (k) and on the mean reciprocal rank as well as on the normalized discounted cumulative gain. For 

multilingual RAG, it is important to evaluate across languages, for example by asking a query in some source language, while the 

answers are expressed in another source language [19]. 

Other traits are also vital: factuality and faithfulness. Factuality is about correctness of the answer, not faithfulness that is the 

evidence retrieved to support the answer. There are cases that RAG-based systems can make unsupported claims when the 

retrieved context is not included in the system (as missing information) or partial evidence is overgeneralized as knowledge. 

Thus, faithfulness of the answer, context precision, context recall and citation accuracy, as significant factors, are especially 

relevant in healthcare, law, finance and public administration. 

Fairness in multilingualism should be measured on a by language (dialect, script, code switched input) basis. There may not be 

strong results in low-resource languages represented in the average score. Since the evaluation of modern multilingual 

conversational assistants is not only limited to translation, benchmarks like FLORES-101 are used for evaluating in multiple 

languages [20]. 

Ultimately, a human-centered usability/safety evaluation should be included. Clarity, politeness, helpfulness, trust and cultural 

appropriateness will be judged by native speakers and community representatives. These properties include a potential for bias, 

toxicity issues, privacy concerns, harmful advice, uncertainty warnings, and escalation to human experts and should be 

considered in safety testing. 

Table 6 Evaluation Metrics for Contextual Multilingual AI Assistants 
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7. Challenges and Limitations 

Although there's been significant advancements, there are several big issues with multilingual support contextual AI assistants 

still face. The first in a series of inequalities is language inequality. High resource languages are typically the ones that are most 

important in the development of most high performing language models, which then tend to have lower performance on low 

resource languages, dialects, minority language, and oral languages that have less written data. This imbalance can further 

exacerbate the narrow digital divide e.g. better AI service to users who already have a strong online presence in their language. 

The second problem is code switching and dialect variation. A good number of users use some mixture of languages, or actually 

write informally in the language/s they are communicating in digital communications, such as email, Facebook, and other 

messaging platforms. Multilingual models might not be well-suited to these patterns, as examples from their training data are 

often written examples, rather than natural speech. This serves to curtail the importance of AI helpers in genuine multilingual 

communities. 

The third hindrance is, as mentioned, hallucination. On less well-known and topical, or narrowly focused questions, large 

language models can respond with assurance that doesn't align with what is actually true. Hallucination can be more difficult to 

identify in multilingual scenarios as evaluators might not understand all of the languages that are supported. This can be 

mitigated with retrieval-augmented generation by ensuring that answers are computable based on the retrieved documents, but 

errors in the retrieved document when it is irrelevant or otherwise incorrect or obsolete will still cause errors in answers. 

Context drift is another challenge. The assistants are responsible for determining the previous information that is relevant in the 

multi-turn dialogues. Consider using too little context, important details may get lost; using too much, the model might get 

diverted. It is particularly challenging when users change Languages, Topics or levels of detail. 

The quality of retrieval is also very critical for multilingual RAG systems. When the relevant document is written in a language 

other than the users, a user can ask a question in one language. The end result may be incorrect, even if the generation model is 

good, if there is insufficient cross lingual retrieval. This constitutes a bigger issue for low resource languages with limited digital 

knowledge bases. 

Ancient adaptation of culture is also vital. Language is social, it is polite, it is authoritarian, it is funny and it also reflects its local 

meaning. Literal translation can yield results which are grammatically correct but socially inappropriate. But, besides being 

linguistically accurate, trustworthy multilingual AI should also show an understanding of cultural and emotional nuances and be 

designed responsibly. 

Privacy and data governance is also at the forefront. Contextual assistants can analyze user records or documents, preferences, 

location or private information of a personal nature. With reliance on external translation tools, cloud-based models, or third 

party APIs, these risks are worsened. Therefore strong consent, minimization of data, anonymization and memory under control 

of the user are required [22]. 

Last but not least, issues of how to evaluate, be explainable and overly dependent are present. Numerous, if not most, 

benchmarks are strongly oriented toward English and don't measure the overall ability to converse in other languages. Users 

should be aware that the answer might be clearly grounded based on evidence or uncertain. A high level of verbal fluency can 

lead to a sense of authority or expertise, but assistants should be mindful of such inaccuracies, remind users to check such 

information, and bring any cases of risk confrontations to the attention of qualified humans. 

 

8. Future Research Directions 

Further work would benefit an inclusive, reliable, accountable and culturally aware contextual AI assistant for multilingual 

situations. The creation of enhanced resources for low-resource languages – annotated data sets, multilingual dialogue corpora, 

speech data sets, terminology banks and culturally-sound evaluation sets – is a key priority. Participation is important as you 

want local speakers to make sure what you have within your data sets relates to the real language, not yours or one's imposed 

on the group. The case study of MasakhaNER, L1 – L2 data development between the L1 community and the L2 community 

demonstrates the benefits of collaborative data development for underrepresented languages [1]. 

Another noteworthy area could be enhanced multi-language context management. Assistants need to be able to have coherent 

conversations over extended periods and multiple language changes, and when a user's objectives shift. This entails more good 

memory mechanisms, resolving references, summarizing conversations, and selecting contexts. The assistant or answer machine 

should be aware of which previous information is relevant and to which information to store and utilize. 

This requires a culturally sensitive response generation as well. While multilingual aid is frequently perceived as primarily 

translation, there is a need to be sensitive to local norms, politeness conventions and institutional meanings, as well as to users' 

expectations, in order to be able to offer good helping. Future systems should offer adapting explanations in a non-stereotypical 

way at the user level, whether that implies the ability to explain things in the user's native language or adhering to his or her 

paradigm. 

Another important research need is to achieve more reliable multi-lingual retrieval-augmented generation. These are some of 

the aspects that are needed to be improved in future RAG systems: Cross-Lingual Retrieval, Document Ranking, Evidence 

Verification, Citation Quality and Answer Faithfulness. In contexts where stakes are high (for example, healthcare, law, finance, 
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public administration), the difference between information that is fully supported by the sources and content giving general 

explanations needs to be made clear. 

It is also recommended to further boost multi-lingual safety and bias assessment. Culturally specific harmful expressions, slang, 

script or dialect in addition to different languages must be covered in safety testing. Additionally, strategies for preserving 

privacy like privacy-preserving approaches like on-device processing, federated learning, secure retrieval, anonymized logs, and 

user-controlled memory might be investigated, particularly for assistants dealing with delicate data. 

It is still important to incorporate human-in-the-loop design. Multilingual AI assistants should be here to augment experts, not 

replace them; to take care of simple tasks and hand over to qualified humans when there's uncertainty and potential risks to a 

situation. Evaluation frameworks need to also become more standardized, whereby the results in terms of performance are 

reported individually for each language, domain and user group. Last, but not least, future work would consider the investigation 

of multimodal multilingual assistants, capable of integrating speech, text, images and the understanding of documents, to 

enhance accessibility in the mobile-first context and/or in low-literacy situations. 

 

9. Conclusion 

Multilingual contextual AI assistants are a significant advancement in the field of AI, NLP, and human-computer interaction. They 

integrate language understanding, dialogue history, user context, domain knowledge, retrieval grounding, and adaptive 

response generation to enhance the traditional chatbot systems to include these functionalities. Increased cross-linguistic and 

cross-disciplinary performance capabilities of AI assistants have been achieved through transformer models, BERT, XLM-R, T5, 

and GPT-like models, as well as open multi-lingual LLMs, and retrieval-augmented generation [8, 6, 11, 31, 34, 38]. 

In general, there is still uneven support for multi-language. There are many systems that work better in high resource languages 

than low resource languages, dialects and code-mixed communication. Context awareness is also challenging because assistants 

need to maintain a greater sense of context across turns, prevent context drift and also allow for embedding meaning across 

linguistic and cultural liminalities. RAG can increase factual grounding but will be effective if the retrieval is done well, there are 

reliable documents and evaluation of faithfulness. 

The need of full-scale evaluation from the aspects of the understanding of the intent, coherence of the dialogue, its retrieval 

quality, factualness, faithfulness, multilingual fairness, cultural appropriateness, privacy, safety, and user satisfaction are pointed 

out here. The major part of its codes are a taxonomy of contextual multilingual AI assistants, ranging from model-centered 

systems to retrieval-grounded, task-oriented, personalized, low-resource, multimodal, and agentic AI assistants. These are some 

of the key areas for the next-generation assistant to focus on: covering for inclusive language, managing contexts, evidence-

based generation, being respectful of privacy, being aware of culture, and being transparent about evaluation. The purpose of 

building systems that can talk many languages is to be able to support the user, accurately, respectfully, and fairly. 
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