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1 Introduction

The vast capabilities of large language models (LLMs) today, including multilingual LLMs (Lin et al., 2022;
Workshop et al., 2023; Aryabumi et al., 2024b) are unfortunately restricted to a handful of high-resource
languages in the world such as English and Chinese (Joshi et al., 2020), given that web-crawled pre-training
corpora are dominated by high-resource languages (Xue et al., 2021; Chung et al., 2023; Li et al., 2025a;
Joshi et al., 2024). We would to extend these capabilities to the rest of the world’s languages.

Making LLMs multilingual is a broad endeavour, with several facets. We consider three dimensions as
follows. Firstly, evaluation / diagnosis of multilingual capabilities and failures is the first and necessary
step; we also want to find solutions. Secondly, multilingual capabilities can be separated into compre-
hension and generation capabilities, since these have very different problems and mitigation techniques.
Finally, there are about 3800+ written languages in the world, and different groups of languages have varying
problems, often associated with resourcedness. Extremely low-resource languages, or the long tail of
languages constituting the majority category, have very scant training and evaluation resources, and may
be nearly unseen to state-of-the-art models. Many languages are dialects or variants® of closely related
high-resource language neighbours. Finally, we have low-resource and low-to-mid resource languages,
which may have non-trivial presence in pretraining data.

Goal The proposed goal is to evaluate and improve multilingual comprehension and generation capabil-
ities of LLMs, taking into account the needs of various languages as grouped by their resourcedness and
relationships with other languages.

This document is structured in the following way: I provide background in this field in § 2, I provide
an overview of completed work in § 3. I describe three of these works in more detail in § 4, § 5, and § 6. 1
summarize other completed works and introduce next directions in § 7. I describe planned work in § 8, § 9,
and § 10. Finally, I provide a timeline in § 11.

2 Background

2.1 Understanding and evaluating multilinguality for comprehension and gen-
eration

Benchmarking Most existing benchmarks that LLMs are evaluated on focus on English and other high-
resource languages (Grattafiori et al., 2024; Aryabumi et al., 2024a; Qwen et al., 2025). Several efforts
attempts to extend benchmarking to other low-resource languages. Machine translation datasets have often
shown the largest language coverage, such as FLORES+ (NLLB Team et al., 2024) covering 212 languages, and
BOUQUET (Andrews et al., 2025; Team et al., 2026) covering 266 languages and dialects. Other multilingual
task datasets seek to provide multilingual coverage to a less extent, such as BELEBELE (Bandarkar et al.,
2024) for machine reading comprehension dataset Aya Evaluation Suite (Singh et al., 2024) for multilingual
instruction following, and XL-Sum (Hasan et al., 2021) for summarization. Recent work has also introduced
benchmarks targeting multilingual retrieval and retrieval-augmented generation (RAG) (Lewis et al., 2020)
such as MMTEB (Enevoldsen et al., 2025) covering 250+ languages, MR. TyD1 (Zhang et al., 2021),

1We use the term “dialect” from a linguistic perspective, whereby French is as much a dialect of Occitan as the other way
round.



BorDIRLINES (Li et al., 2024a), XRAG (Liu et al., 2025b), and MIRAGE-BENCH (Thakur et al., 2025),
which expose challenges in reasoning, consistency, and answer generation under multilingual evidence.

Evaluating LLM performance in low-resource settings Several works demonstrate the degradation
of LLMs on low-resource languages for extrinsic task performance. This is commonly studied on machine
translation (Jiao et al., 2023; Hendy et al., 2023; Robinson et al., 2023), but has also been observed for other
tasks like POS, NER, and summarization, among others (Lai et al., 2023; Bang et al., 2023; Asai et al.,
2023; Ziems et al., 2023; Cahyawijaya et al., 2024). Kantharuban et al. (2023) attempt to identify economic,
social, and linguistic correlates of MT performance in LLMs for dialects; they find positive correlations
for dataset size and lexical similarity among other factors. In multilingual retrieval-augmented generation
(RAG), prior work shows that models exhibit biases against low-resource languages, sometimes preferring
English documents even when less relevant (Ki et al., 2025; Park and Lee, 2025), and that cross-lingual
retrieval quality itself can vary significantly depending on query—document language mismatch (Amiraz
et al.). These challenges are closely related to long-tail knowledge effects, where low-frequency linguistic
and cultural information is underrepresented and more prone to failure (Badhe et al., 2026). Degradation
on accented speech is also well documented (Najafian and Russell, 2020; Styles et al., 2023; Feng et al.,
2021; Sanabria et al., 2023; Shi et al., 2021), although largely only for English dialects and accents. The
availability of task data is commonly the bottleneck for such studies.

Studies have also looked at robustness of LLMs to orthographic variants, typos, and other kinds of noise
using synthetic data (Belinkov and Bisk, 2018; Heigold et al., 2018; Zhu et al., 2024; Peters and Martins,
2025). Moradi and Samwald (2021) perform a similar study of BERT-like models for sentiment analysis,
QA, and NER, among other tasks, with the intent of stress-testing LMs against natural user-generated noise
such as synonym replacement, common misspellings, and verb tense errors. Wang et al. (2023) discuss the
robustness of ChatGPT against adversarial and out-of-distribution inputs.

Cross-lingual transfer and multilingual generalization There is a rich literature in understanding
the phenomenon of cross-lingual transfer and multilingual generalization, by which existing capabilities in
high-resource language transfer to related languages and dialects (Vaswani et al., 2017; Devlin et al., 2019;
Conneau et al., 2020; Pires et al., 2019). This includes studying the conditions and factors facilitating
transfer, such as typological relatedness, script, token overlap, among others (Chai et al., 2022; Ri and
Tsuruoka, 2022; Muller et al., 2021a; Khemchandani et al., 2021; K et al., 2020; Deshpande et al., 2022;
Cahyawijaya et al., 2021; Dhamecha et al., 2021; Lim et al., 2024).

Studying intrinsic properties of multilingual language models Previous work seeks to understand
inherent limitations of multilingual models, including the “curse of multilinguality” (Conneau et al., 2020),
and the internal structure of the representation space of neural language models with respect to language
agnosticity and language specificity (Libovicky et al., 2019; Singh et al., 2019). The need for transfer
via shared processing while maintaining language-specific features and processing and avoiding negative
interference is shown to be an inherent trade-off (Wang et al., 2020; Han et al., 2025).

Previous work, usually studying mid-resource languages, extended by prior work to low-to-mid re-
source languages demonstrates that multilingual LLMs process input in a “language-agnostic” space,
often showed to be close to English, by demonstrating the results of early decoding from intermediate lay-
ers for a non-English input primarily consisting of English tokens of the correct semantics (Wendler et al.,
2024; Foroutan et al., 2022; Tang et al., 2024; Kojima et al., 2024; Schut et al., 2025; Bafna et al., 2025b).
Initial and final layers of the LLM are therefore shown to be processing more language-specific subspaces in
order to comprehend inputs and produce correct-language outputs (Muller et al., 2021b; Zhao et al., 2024;
Lim et al., 2025). Wang et al. (2024) analyzes how this “cross-lingual representation alignment” emerges
throughout pre-training. Previous works also show that the performance in a certain language is correlated
by the representation similarity to semantically equivalent English sentences (Li et al., 2024b; Zhang et al.,
2023; Li et al., 2025¢; Liu and Niehues, 2025), and lack of alignment affects cross-lingual consistency and
accuracy for factuality recall (Lu et al., 2025; Wang et al., 2025a).



2.2 Improving multilingual performance for comprehension and generation

Curating training data One of the main thrusts in improving massive multilinguality is naturally training
and fine-tuning data collection on a large scale, including extremely low-resource languages. This
includes web-crawled monolingual and parallel datasets with low-resource languages such as MADLAD
(Kudugunta et al., 2023), GLOT500 (Imani et al., 2023), NLLB (NLLB Team et al., 2024), and the SMOL
suite (Caswell et al., 2025). Note that these may be noisy and of unclear quality due to the scarcity of high-
quality LRL content on the web (Kreutzer et al.) as well as LID quality issues for LRLs (Kargaran et al.,
2023). There have also been manual data collection efforts focusing on particular language groups, such
as Masakhane (Nekoto et al., 2020), Turkish Interlingua (Mirzakhalov et al., 2021), Kreyol-MT (Robinson
et al., 2024), HinDialect (Bafna et al., 2022), as well as efforts for particular languages, such as Bhojpuri
(Kumar et al., 2023), Yoruba (Adelani et al., 2021; Akpobi, 2025), Quechua (Ahmed et al., 2023), among
many others.

Data manipulation, synthetic data creation, and inference-time techniques Previous researchers
have developed methods of injecting noise into training data, including orthographic variants or typos Be-
linkov and Bisk (2018); Heigold et al. (2018), grammatical errors (Anastasopoulos et al., 2019), learned noise
types (Brahma et al., 2023), and bilingual lexicon-induced code-mixing (Jones et al., 2023; Xia et al., 2019)
in order to induce robustness to typos or dialectal variants. These approaches require monolingual data
or bilingual lexicons for from-scratch training.

Previous work also looks at leveraging resources and tools for low-resource or unseen languages in the
absence of pretraining data presence. This includes using lexicons, morphological tools, such as morphological
analysers and interlinear glossed text to augment the prompt with relevant information (Elsner and Needle,
2023; Ghazvininejad et al., 2023; Zhang et al., 2024b; Lu et al., 2024; Zhang et al., 2025; Ramos et al.,
2025; Dimakis et al., 2024), as well as syntactic information, such as curated syntax rules and grammar
documentations (Zhang et al., 2024a; Hus and Anastasopoulos, 2024; Hus et al., 2025). This also includes
investigating the use of derivable features like phonotactic information for speech (Shahin et al., 2023; Liu
et al., 2022). Li et al. (2025b) compares few-shot ICL with provided word meanings with fine-tuning for
low-resource languages.

Leveraging cross-lingual transfer Previous works looks at leveraging insights regarding cross-lingual
transfer to induce performance on related languages or dialects by training on related high-resource lan-
guages (Cahyawijaya et al., 2021; Dhamecha et al., 2021; Bafna et al., 2023) among many others. Studies
have also looked into attempting to overcome the trade-off between multilingual generalization and the need
for language specific processing by introducing explicit modularity (Pfeiffer et al., 2022; Parovi¢ et al., 2022;
Pfeiffer et al., 2020; Ansell et al., 2021). Other work presents general recipes in adapting a pretrained model
to a new language (Csaki et al., 2023; Zamir et al., 2026; Team et al., 2026).

Multilingual alignment Previous also looks at explicit alignment of processing of multilingual inputs with
dominant language process in order to take advantage of capabilities of the latter, usually for low-resource
languages and some mid-resource languages. Several works explore a cascaded system, i.e. translating
the input to English and performing process in English, translating outputs back to the target language if
relevant (Qin et al., 2023; Etxaniz et al., 2024; Liu et al., 2025a; Chiu and Bai, 2025). Translation-based
approaches are also very competitive in multilingual RAG pipelines (Moon et al., 2025; Ranaldi, 2026).
Several of these works show that this consistently outperforms direct inference. Previous work has also
using steering vectors to increase representational alignment, by explicitly steering internal vectors towards
the shared space (Lu et al., 2025; Wang et al., 2025a; Lim et al., 2025). Wang et al. (2025b) align LLM
representations for mid-resource languages at inference time at final layers.



3 Overview of work

Table 1 shows my previous and proposed work, categorized by 1) whether it seeks to evaluate current
approaches, or develop strategies for improving them or mitigating discovered problems 2) whether it is

concerned with comprehension or generation, and 3) the resource-range of languages that it deals in.

Comprehension

Generation

Evaluating

(1) ® Evaluating Large Language Models along
Dimensions of Language Variation: A System-
atik Invesdigatiom uv Cross-lingual Generaliza-
tion [EMNLP 2024]

(4) ® ChiKhaPo: A Large-Scale Multilingual
Benchmark for Evaluating Lexical Comprehen-
sion and Generation in Large Language Models
[ACL 2026]

(5) *° LID Models are Actually Accent Clas-
sifiers: Implications and Solutions for LID on
Accented Speech [Interspeech 2025]

(6) ® How Important is “Perfect” English for
Machine Translation Prompts? [EACL 2026
(Findings)]

(7) ® RasHiD: A Cipher-Based Framework
for Exploring In-Context Language Learning
[Under review for EMNLP 2026]

(3) 4 The Translation Barrier Hypothesis:
Multilingual Generation with LLMs Suffers
from Implicit Translation Failure [IJCNLP-
AACL 2025]

(4) P ChiKhaPo: A Large-Scale Multilingual
Benchmark for Evaluating Lexical Comprehen-
sion and Generation in Large Language Models
[ACL 2026]

(7) ® RasHiD: A Cipher-Based Framework
for Exploring In-Context Language Learning
[Under review for EMNLP 2026]

(9) Towards Multilingual Retrieval across Hun-
dreds of Languages [Proposed]

(10) Addressing the Agnosticity-Specificity
Trade-off in Multilingual Text Embedddings
[Proposed]

Improving

(2) ° DialUp! Modeling the Language Con-
tinuum by Adapting Models to Dialects and Di-
alects to Models [ACL 2025]

(5) ®° LID Models are Actually Accent Clas-
sifiers: Implications and Solutions for LID on
Accented Speech [Interspeech 2025]

(8) ®° Omnilingual MT: Machine Translation
for 1,600 Languages [Preprint]

(11) The Role of the Machine Translation Cas-
cade in the era of LLMs [Proposed]

(7) ® RasHID: A Cipher-Based Framework
for Exploring In-Context Language Learning
[Under review for EMNLP 2026]

(8) ®° Omnilingual MT: Machine Translation
for 1,600 Languages [Preprint]

(9) Towards Multilingual Retrieval across Hun-
dreds of Languages [Proposed]

(10) Addressing the Agnosticity-Specificity
Trade-off in Multilingual Text
[Proposed]

(11) The Role of the Machine Translation Cas-
cade in the era of LLMs [Proposed]

Embedddings

Table 1: Completed work and proposed directions. Completed papers are (co-)first-author, excepting (4),
which I mentored as second / last author, and (8), which describes work I led as part of a larger effort and is
not a standalone paper. Colours indicate the class of resourcedness of the languages that the paper deals in:
extremely low-resource language, dialect/accent/variant, mid-to-low resource language. Letter superscripts
indicate the nature of the work: * data manipulation strategy, ® dataset design, © modeling/training, ¢
interpretability.

4 DialUp! Modeling the Language Continuum by Adapting Mod-
els to Dialects and Dialects to Models [completed]

Profile: We want to improve the comprehension of dialectal variants of high-resource languages.


https://aclanthology.org/2024.emnlp-main.1044/
https://aclanthology.org/2024.emnlp-main.1044/
https://aclanthology.org/2024.emnlp-main.1044/
https://aclanthology.org/2024.emnlp-main.1044/
https://arxiv.org/abs/2510.16928
https://arxiv.org/abs/2510.16928
https://arxiv.org/abs/2510.16928
https://arxiv.org/abs/2506.00628
https://arxiv.org/abs/2506.00628
https://arxiv.org/abs/2506.00628
https://arxiv.org/abs/2507.09509
https://arxiv.org/abs/2507.09509
https://arxiv.org/abs/2603.22497
https://arxiv.org/abs/2603.22497
https://aclanthology.org/2025.ijcnlp-long.83/
https://aclanthology.org/2025.ijcnlp-long.83/
https://aclanthology.org/2025.ijcnlp-long.83/
https://arxiv.org/abs/2510.16928
https://arxiv.org/abs/2510.16928
https://arxiv.org/abs/2510.16928
https://arxiv.org/abs/2603.22497
https://arxiv.org/abs/2603.22497
https://aclanthology.org/2025.acl-long.989/
https://aclanthology.org/2025.acl-long.989/
https://aclanthology.org/2025.acl-long.989/
https://arxiv.org/abs/2506.00628
https://arxiv.org/abs/2506.00628
https://arxiv.org/abs/2506.00628
https://arxiv.org/abs/2603.16309
https://arxiv.org/abs/2603.16309
https://arxiv.org/abs/2603.22497
https://arxiv.org/abs/2603.22497
https://arxiv.org/abs/2603.16309
https://arxiv.org/abs/2603.16309

4.1 Motivation

The roughly 6800 languages in the world can be grouped into a few hundred families. Closely-related
languages (CRLs) and dialects within a family largely exhibit continuous and structured differences rather
than being discrete monoliths (Hovy and Purschke, 2018; Bergman and Diab, 2022). However, it is unfeasible
to collect training data for every lect; further, language is fluid and dynamic across and between dialect
boundaries, calling for principled general approaches to dialectal variation.

We seek to expand models proficient in high-resource lan-
guages (HRLs) to their lower-resource CRLs, by inducing ro-
bustness on the input side of models to unseen varieties across

M—-D
language continua. We do this with a dual method DialUp: E=S p-M
adapting models from an HRL to its language relatives, and
adapting those relatives’ data towards the HRL model, as in O Caalan
Figure 1 (Bafna et al., 2025a). 9 fj:;a;
‘ Occitan
4.2 Method 9 :;;:?an
© Attificial

M—D We focus on an important aspect of dialectal variation:
cognate lexical change induced by sound shift. We employ the
approach of Bafna et al. (2024) to simulate language variation Figure 1: Two paradigms for robustness to
in terms of commonly observed sound shifts within dialects of dialects on a continuum of distances from
a language family, thus creating artificial languages that mimic 20 HRL. DialUp involves M—D: training
dialectal phenomena. Each artificial language is defined as the the model on artificial dialectal variation,

map of changes made from the HRL. and D—M: bringing dialectal data closer to
model expectations (HRL-like input) at in-

ference.

Dialect

D—M In this paradigm, given CRL-HRL bilingual lexicons, we
swap divergent words of CRL input with known HRL equiva-
lents to pull data towards the model’s proficiency distribution.
We explore three D—M settings: func, cont, and all; in which
we swap out only function words, only content words, and both, respectively.

Baselines We compare all proposed approaches to three baselines: (1) evaluating the model on CRL—eng
MT without any adaptation (off-the-shelf) (2) evaluating on CRL—eng after fine-tuning on ordinary
HRL—eng bitext without any simulated linguistic variation (fthrl), and (3) fine-tuning and evaluation after
augmenting the HRL—eng bitext with completely random (i.e. not linguistically motivated or plausible)
variations (randaug).

We work with X—eng MT for 49 languages in six (sub)families.

4.3 Results

Results show that our approach gives gains across the board, as compared to off-the-shelf baselines as well
as other kinds of non-linguistically-motivated data augmentation, with varied trends by language family.

D—M introduces gains for many low-performing varieties where replacing dialectal words with HRL equiv-
alents is helpful. In particular, we note that D—M-func consistently outperforms D—M-cont, highlighting
the importance of treating dialectal function words in enabling model comprehension, and the utility of
collecting CRL-HRL function word maps for low-resource languages.

Analysis We conduct an analysis to understand the features that determine the impact that DialUp has
for a language. We find that languages with poorer baseline scores, which tend to be the low-performing
varieties we aim to assist in this work, benefit more from DialUp, while languages with better baselines show
small or negative gains. Proximity to the HRL, measured by string overlap in bitext, also appears to play
a role: CRLs distant from their HRL, such as Samoan and Tagalog, as well as those extremely close to the



HRL, such as Malay (zsm), Azerbaijani (aze), and Saudi Arabic (ars), appear to benefit little from DialUp.
We also see that M2M typically benefits more. This may be because aya-23 was likely exposed to some CRLs
in pre-training, despite not being trained explicitly on them, given the heterogenity and poor documentation
of LLM pre-training sets.

DialUp introduces a promising paradigm for making NLP flexible to potentially unseen and undocu-
mented dialectal variation. We release the code for DialUp as a Python package.?

5 The Translation Barrier Hypothesis: Multilingual Generation
with LLMs Suffers from Implicit Translation Failure [completed]

Profile: We want to diagnose multilingual generation for mid-resource languages.

5.1 Motivation

We lack a systematic understanding of the reasons for and mechanisms of the failure of multilingual gen-
eration with LLMs. Building upon intuition of previous work in mechanistic interpretability (Wendler
et al., 2024; Foroutan et al., 2022; Tang et al., 2024; Kojima et al., 2024), we posit a model-internal task-
solving—translation cascade, with the middle layers of the LLM responsible for task-solving, or discovering
the required output concepts, in a target-language-agnostic manner, and the last few layers responsible for
realizing those concepts in the target language, through translation.

We posit the Translation Barrier Hypothesis, which L _ _
states that translation failure in LLMs accounts for a large Input: Translatﬁ Eitl\jl from Spanish to Marathi
proportion of poor quality final outputs for multilingual gen- ) ‘L .
eration, where translation refers to model-internal transfer of . [ \ o

answer concepts into the intended output language, given an : | 2 Task-solving ‘..’. o &
implicit task-solving—translation cascade. See this hypothesis Layer [-10] ] S NE
depicted in Figure 2 (Bafna et al., 2025b). o

Layer [-6] Q .............
5.2 Method veriy \ @ Translation

ayer [-
Word translation We work with a word translation task, / l \ g‘;';gf‘tse

and curate a dataset of lexical equivalents and synonyms par- ”
. . S led w9l AT AT
allel across all studied languages. Task-solving success here oz:‘;z; X 4 h :, oo e
cat”, log”, cat”,

consists of realizing the semantics of the source word in any gibberish  pingi Marathi Marathi
non-source language in any non-final layer, and task-solving —
translation success consists of producing the correct final an-
swer in the intended source language at the final layer. Success
is measured as a binary accuracy metric per word with exact
string match over lexical translation equivalents.

Figure 2: Task-solving succeeds with the
correct answer concept (i.e. cat) discovered
in intermediate layers, expressed in vari-
ous HRLs, but the model fails to realize or
translate the concept into the target LRL.

Quantifying translation loss proportion We can study

the translation barrier hypothesis in the context of a given

task by quantifying the extent to which translation failure is

responsible for poor final outputs, as opposed to task-solving failure. We use logit lens (Nostalgebraist,
2020) to obtain potentially multi-token text outputs from intermediate layers. We define translation loss
proportion (TLP) as the proportion of incorrect final outputs that had correct task-solving (implying failed
translation). We study 36 target languages, including a mix of mid-to-low resource languages.

?https://pypi.org/project/dialup/
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5.3 Results

Layerwise analysis We plot on-target and off-target accu-
Aya-23-8B, hin*-uzn racy for all language pairs over all outputs for which we found

¥ 100 . . .

. - e 2 reliable language tag (see Figure 3 for an example pair). We

% ol - x z:t::git consistently observe high off-targetness in middle layers, in-

8 — v O:'tafge: cluding for Spanish and other supported or high-resource target

. , off-targe . . .

S >0 2 languages, with considerable off-target accuracy, which subse-

s 100 10-0 -8 -7 -6 -5 -4 -3 -2 -1 quently decreases as the model pivots to the desired language.
Layer For supported or HRL targets, there is a corresponding increase

in on-target outputs and accuracy in later layers, indicating
successful translation. On the other hand, for Uzbek and other
unsupported or low-resource languages, we simply observe a
total drop in correct (on-target or off-target) intermediate out-
puts as the model moves away from off-target equivalents but also fails to translate correctly, resulting in
poor final outputs. This provides intuition for the translation barrier for LRL generation with LLMs.

Figure 3: Layerwise evolution of on-target
and off-target accuracy and inaccurate
model responses. * supported language

Quantifying the translation barrier We compute: (a) task-solving success or intermediate accuracy
(the percentage of task outputs that were correct at some intermediate layer in some language) (b) final
success (on-target accuracy at the final layer), and (c¢) TLP(the proportion of total failure that can be
attributed to translation failure.) We look at these three quantities averaged over all target languages for
each source language. We see that intermediate accuracy is much higher than final accuracy in all cases,
with much less variance, indicating that the former is stabler and less dependent on the target language
than the latter. This ties in with our understanding of the relatively target-language agnostic task-solving
step, followed by a target-language dependent translation step. Overall, translation loss accounts for a high
percentage of total failure (more than 50% in all cases except one). This lends evidence to the translation
barrier hypothesis.

6 Rashid: A Cipher-Based Framework for Exploring In-Context
Language Learning [completed]

Profile: We want to evaluate the comprehension and generation of unseen languages by LLMs, and introduce
strategies targeted at improving generation.

6.1 Motivation

The task of processing unseen or extremely low-resource languages with large language models (LLMs), first
introduced by Tanzer et al. (2023), holds the potential to make important strides in extending the benefits of
LLMs to the long tail of languages. This is typically done by augmenting the prompt context with information
about the language, using materials such as lexicons, grammar books and other tools for linguistic processing,
as explored by several subsequent works (Zhang et al., 2024b, 2025; Hus and Anastasopoulos, 2024).

However, progress in the field of in-context language learning (ICLL), by its nature, is hindered by
resource scarcity. The unseen or truly low-resource languages of relevance to ICLL are the very languages
for which we lack a) quality evaluation strategies including access to human expertise, b) high-quality
resources for cheaply exploring a range of new strategies without significant investment, and c) task data
from frontier benchmarks, for testing the performance of these strategies in various application scenarios.
Further, insights from these setups regarding language learning are often confounded by the model’s differing
existing capabilities in various low-resource languages.



6.2 Approach

We introduce RASHID, a general-purpose framework for systematically assessing and exploring the phe-
nomenon of ICLL (Bafna et al., 2026). We construct truly unseen languages by reversibly ciphering high-
resource languages (HRLs), preserving underlying linguistic characteristics, and providing us access to a wide
array of available resources in these languages for experimentation. We use bijective monoalphabetic substi-
tution ciphers for this purpose. Crucially, this allows us to bypass the above problems of resource scarcity
and factors confounding insights, enabling sophisticated evaluation as well as the assessment of techniques
otherwise requiring potentially expensive resource development for true LRLs.

Thus, we 1) construct a sandbox for exploring in-context language learning for languages guaranteed
to be unseen, with access to the range of NLP tools and resources available for HRLs. We use it for
2) assessing current methods for ICLL for machine translation (MT) in both directions 3) exploring new
research directions for improving ICLL, focusing on generation 4) expanding ICLL strategy evaluation beyond
machine translation to rich downstream tasks.

6.3 Findings

We find that current strategies show intended benefits for comprehension of unseen languages, although
they remain ineffective for generation, and that outputs remain low-quality for both directions. We present
a schema of challenges for this paradigm of language learning. Next, our exploration of new directions shows
that near-perfect lexicon coverage would be helpful, and that cascading through a related high-resource
language for generation makes considerable progress on the problems of syntactic coherence and translation
of idiomatic language. This promotes the development of rich parallel materials between related languages
rather than with English. Finally, we find that added materials may not be directly beneficial for downstream
tasks, but that a cascaded approach (MT with ICLL — task-solving) improves performance across the board.
This underlines the need for task-oriented exploration of ICLL.

This work aims to provide a grounded assessment of current techniques in in-context language learning,
as well as enable further progress despite the many challenges of the field.

7 Other completed work and next directions

Here are brief summaries of other work shown in Table 1.

(1) Systematik This work aims to understand how various aspects of dialectal divergence impact zero-
shot performance of LLMs by using controlled Bayesian “noising” procedures mimicking dialectal variation
(Bafna et al., 2024).

(4) ChiKhaPo This work curates a massively multilingual benchmark that evaluates basic lexical un-
derstanding and generation across thousands of languages using 4 subtasks in both directions (Chang and
Bafna, 2025).

(5) LID identifies a major failure mode of speech language identification models on accented speech in
misclassifying it as native language of speakers, and proposes a solution using explicit phonological features
(Bafna and Wiesner, 2025).

(8) MeDLEy develops a protocol for curating training bitext for low-resource languages from scratch by
ensuring grammatical, length, and domain diversity. This work was done as part of the larger effort towards
omnilingual machine translation at Meta, and is described in Section 4 and Appendix A of the combined
paper (Team et al., 2026).



Summary of prior work In my prior work, I explored low-data regime techniques for linguistic variants
and extremely low-resource languages in the absence of data, dataset design for training and benchmarking
for extremely low-resource languages, and interpreting the failure of LLMs on low-to-mid-resource languages.

Proposed work: General directions In general, my planned projects focus on diagnosing and improving
LLM performance for low-to-mid resource languages, as shown in Table 1. My near-term projects focus
on (a) a critical functionality of LLMs: their ability to leverage external information in any given situation
i.e. gaining access to required materials for an informed response, as well as (b) an important technique
for multilinguality that is widely opted in various scenarios: the use of a machine translation cascade. The
following sections describe directions and may be split into more than one project each.

8 Towards multilingual retrieval across hundreds of languages [pro-
posed]

Motivation LLMs increasingly serve as intelligent interfaces with the web or with the digital information
infrastructure, in order to solve a variety of reasoning, search, and other tasks. This requires functionality
for searching and using information external to that stored in model parametric memory. This is the goal
of retrieval-augmented generation (RAG) (Lewis et al., 2020).

Retrieval is an important hurdle for multilingual and cross-lingual RAG, and relies on good text embed-
dings for embedding-based retrieval (Goworek et al., 2025; Enevoldsen et al., 2025). However, constructing
robust and reliable multilingual semantic spaces is still an unsolved problem, from the times of static embed-
dings, to contextual embeddings with mBERT, through LLMs, despite various efforts in better multilingual
alignment (Sggaard et al., 2018; Wada et al., 2019). This can be understoood as the root cause of poor
retrieval of documents in low-resource languages during cross-lingual retrieval, and the related observed phe-
nomenon where models prefer to retrieve documents in high-resource languages (Goworek et al., 2025; Nouri
and Yangarber, 2014).

Goal We want to mitigate the effects of poor multilingual embedding spaces on multilingual retrieval, in a
post-hoc and training-free manner. I propose to achieve this via adjustments in multilingual retrieval based
on observed insights on the embedding space. I propose to first investigate whether we can formalize and
quantify the phenomenon of quality degradation in an embedding space, given a language and a “concept” to
be embedded. I then propose to explore methods of predicting this effect based on language resourcedness and
concept rareness. Finally, I propose to leverage this understanding to design interventions for multilingual
retrieval, such as adjusted scoring over multilingual documents.

Plan This study requires the following components. (1) Formulation of a “concept”, which may be at the
document level, sentence level, or a more atomic fact or claim; (2) formulation of the “rareness” of a concept:
one simple approach is using n-gram frequency over the wording of the concept from a large monolingual
corpus, and more complex methods may consider several rewordings of the phrase, (3) formulation of the
extent to which a particular concept is “well-embedded”, potentially using notions such as confidence or
spatial distortion, (4) a retrieval corpus that is decomposed into concepts and contains concepts with different
rareness, where Wikipedia is the most commonly used retrieval corpus and naturally contains variously rare
concepts, though we can also consider corpora that are parallel across studied languages for more controlled
experiments, constructed by translation or quasi-parallel subsets of Wikipedia, along with queries requiring
retrieval of variously rare concepts across several languages, either from existing datasets or synthetically
constructed; (5) a controlled study of extrinsic and intrinsic measures of embedding quality of concepts of
varying rareness across languages of varying resourcedness; and (6) methods for better cross-lingual retrieval
e.g. language-specific adjustments to ranking or scoring according to our knowledge of embedding quality
for a given concept across languages.



9 Addressing the agnosticity-specificity tradeoff for multilingual
text embedding spaces [proposed]

Motivation Multilingual transformer-based data-driven models exhibit an inherent tension between lan-
guage agnosticity (cross-lingual access of information and consistency) and specificity (culturally and lin-
guistically appropriate alignment) (Han et al., 2025). The corresponding observed failure modes can be
understood as the knowledge gap (information in one language is not accessible in another) and localiza-
tion bias (the model tends to localize itself in dominant viewpoints) (Hershcovich et al., 2022; Naous et al.,
2024). While this phenomenon has been extensively discussed, with several mitigation strategies proposed
(e.g. Pfeiffer et al. (2022)), this is usually from an observational standpoint, often with lack of formalization
of the desired outcome, given the inherent trade-off between and desirability of these behaviours.

Goal 1 propose to view this problem from a design standpoint. 1) Can we describe an ideal outcome with
respect to various input scenarios? 2) Can we describe the characteristics of a representation space that
would yield such as outcome? 3) Can we use this formulation to construct metrics for real representation
spaces or understand implicit constraints, and propose strategies for training such a space in practice?

While I propose to use retrieval as a testbed for this study, note that these ideas are generally applicable
to any multilingual Transformer-based data-driven system trained in a similar manner.

Plan I describe one line of attack as follows. (1) Defining the ideal outcome: first, we construct a schema
of possible scenarios that may require agnostic, specific, or a combination of retrieval tactics in the ideal
outcome; (2) Constructing a synthetic dataset: we construct a dataset containing all the above scenarios,
which may be a toy dataset with controlled and minimal variation in features of interest (language, content),
designed to stress test embedding spaces, and perfectly solvable by an “ideal” multilingual representation
space; (3) Constructing a representation space: we search for necessary constraints that the above require-
ments impose on an “ideal” representation space (similarly to, for example, Weller et al. (2026)), and also
explore sufficient conditions, e.g., some of many possible solutions to this problem; (4) constructing metrics
for multilingual representation spaces using the above; (5) evaluating existing text embedding models with
these metrics; and (6) constructing intervention methods inspired by these metrics to improve existing text
embedding models.

10 The role of the machine translation cascade in the era of LLMs
[proposed]

Motivation Using an MT cascade at various points in the LLM pipeline (translating inputs, outputs,
queries, external documents) has many advantages, both for mid and low-resource languages, both in terms
of performance, as well as in terms of ease of generalization of powerful reasoning and RAG capabilities of
LLMs to other languages (Liu et al., 2024). This lets us perform complex reasoning in English, and rely on
translation systems to interface with the desired language, thus avoiding the need to optimize performance
on individual languages. However, this comes with the following problems. Firstly, MT may be fallible on the
same edge cases for which end-to-end performance is weak, such as rare concepts. Secondly, the MT cascade
may introduce errors that may actually degrade performance. Finally, there may be particular queries where
access to culture- or language-specific information is required. In these cases, performing translation of the
English content would be inadequate, and we would like our MT system to actually modify the content or
to disregard it (MT+).

Goals and plan We aim to 1) conduct a comparison of the MT cascade with natively multilingual ap-
proaches given a variety of input scenarios (source and target language, task, input, domain, model used)
2) contribute recommendations on the usage of MT cascades at various points in an LLM pipeline given
various input scenarios, and 3) (if time) develop MT+ systems tailored to an LLM cascade.

10



11 Timeline

e Spring and summer 2026: Addressing the agnosticity-specificity tradeoff for multilingual text embed-
ding spaces

e Fall 2026: Towards multilingual retrieval across hundreds of languages

Spring 2027: The role of the machine translation cascade in the era of LLMs

Summer 2027: Industry internship

Fall 2027: Filling holes in proposed research agenda, overthinking, and fun collaborations.

Spring 2028: Thesis writing
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