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Low-Resource Language Processing in the Era of LLMs
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Large language models (LLMs) are based on the Transformer architecture and are extensively trained on 
vast amounts of unlabeled text through self-supervised or semi-supervised learning. They aim to generate 
natural-sounding, contextually relevant text in a variety of styles and formats.

Large-scale Pre-trained Language Model

Actually, the LLM is ….
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Language Models
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Basic Fact - foundational models are rapidly evolving

(Ding et al., 
CCL2023)

A growing number of instruction-tuned models have emerged

The Evolutionary of LLM
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The 4 Core Capabilities of LLMs
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The 4 Core Capabilities of LLMs



MSBC2026https://www.miradeljan.com 2026-9-23 9

LLM Capabilities Across Different Training Stages

Text is first encoded into tokens. Pre-training teaches language and knowledge, while post-training 
shapes instruction following, preferences, reasoning, and safety.

全流程定位Each stage addresses a distinct problem

• Pre-training answers: Can 
the model do it?

• Post-training answers: Can 
the model do it as 
requested?

• Evaluation answers: Is the 
model ready for use?

Core thread: the tokenizer determines what the model sees, pre-training determines what it 
knows, and post-training determines how it responds.
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Tokenizer: Converting Natural Language into Discrete Tokens
A vocabulary is not a manually compiled list of all words. It is a set of characters, subwords, and special 
tokens learned from representative corpora.

Prepare the 
Corpus

Learn the 
Vocabulary

Freeze and Use

01  Normalize and Pre-tokenize
Standardize encoding and whitespace, then apply language-specific rules to 

produce initial segments for further merging.

02  Train BPE or Unigram
Iteratively merge frequent segments or select the optimal subword set to 

create a fixed vocabulary and ID mapping.

03  Verify Encoding and Decoding
Check compression, multilingual coverage, and code coverage. Pre-

training and inference must use the same tokenizer.

The tokenizer changes sequence length and word boundaries: overly fine segmentation increases 
computation, while insufficient coverage weakens multilingual and coding capabilities.
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Pre-training: Autoregressive Next-Token Prediction

Training Objective

Shift the text one position to the right to obtain supervision signals

Given x₁…x , the model learns to increase the probability of the true next 
token x ₊₁. Prediction errors across all positions form the cross-entropy loss.

Key to self-supervision: the training material serves as both input and label, so text at scale 
can be directly converted into learning signals.

Input

Token sequence
Left context only

Objective

Minimize cross-entropy
Raise true-token 

probability

Output
Base Model

Text completion + 
knowledge
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Continued Pre-training: Enhancing Domain && Language-Specific 
Capabilities

Continue using the language-modeling objective on a general base model to add 
domain, language, up-to-date knowledge, or longer-context capabilities.

Continued Pre-
training (CPT)

Keep the objective, change only the 
training-data distribution

Continue making predictions on the next token; by 
incorporating mixed domains, multiple languages, code, or 
long documents, the base model continues to evolve 
toward the target capability.

Rebalanc
e

More domain 
data

Keep general 
replay

Low Rate
Lower 

learning rate
Control 
token 

budget

Regressi
on

Measure 
domain gains

Monitor 
forgetting

A base model excels at completing text but may not consistently follow instructions. It must 
undergo post-training to become a useful assistant.
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SFT: Learning Instructions, Dialogues, and Desired Responses
The training format remains next-token prediction, but the data become system prompts, user 
instructions, and assistant responses. The loss usually covers only the target response.

Examples Template Instruct

01  Collect and Filter
Human, expert, or reviewed synthetic data.

Cover Q&A, code, reasoning, tools, and dialogue.

02  Format and Compute Loss
Use one chat template. Mask system and user text; 

supervise the assistant response.

03  Train and Regressions
Use full fine-tuning (FFT) or PEFT, such as prefix tuning or 

LoRA.

SFT shows desired responses but does not rank viable alternatives.
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Post-training: From Next-Token Prediction to Helpful AI Assistance

Post-training builds on a pre-trained model and uses techniques such as instruction fine-tuning and 
reinforcement learning to enable instruction following, human-preferred content generation, and 
reasoning.

SFT
Instruction pairs
Dialogue format

Preferences
Rank answers
DPO / RLHF

Reasoning
Sample and 

verify
RLVR / GRPO

Shared goal of post-training: shift the response distribution so the model more readily 
generates high-quality, helpful, and safe responses.
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RL: Enhancing Reasoning and Preference Alignment after SFT
The model receives feedback through verifiable rewards or preference rewards, continually 
increasing the probability of generating high-quality responses.

Reinforcement learning improves reasoning through verifiable rewards and optimizes 
helpfulness and safety through preference rewards.

Generate 
Responses
Sample answers and 
reasoning traces.

Compute Rewards
Rules, reward models, or 
preferences score answer 
quality.

Update the Policy
Favor high-reward 
responses; suppress low-
quality behavior.

Stronger 
Reasoning
Math, code, logic, and complex problems
Route: RLVR
Algorithms: GRPO, PPO
Preference 
Alignment
Helpfulness, instruction following, and safety
Routes: RLHF, RLAIF
PPO or DPO



MSBC2026https://www.miradeljan.com 2026-9-23 16

TianChi LLM
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TianChi LLM



MSBC2026https://www.miradeljan.com 2026-9-23 18

TianChi LLM

MT Task
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TianChi LLM

SA Task

QA Task
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Multi-task Instruction Tuning: Enhancing LLM Capabilities for 
Low-Resource Languages

Objective: improve key-task capabilities for Chinese, Uyghur, and other languages with high-
quality mixed corpora.
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Evaluation Results

Model
Chinese → Uyghur

BLEU ChrF++ COME
T

XCOME
T BLEURT Avg.

Qwen3-32B 5.34 23.36 55.56 27.67 27.76 27.94 
Ours 24.02 43.56 81.77 68.96 31.29 49.92 

Hunyuan-MT-7B 19.85 41.03 82.72 70.67 30.59 48.97 
Ours 27.17 42.83 83.41 72.58 33.86 51.97 

Language Model
Task

QA Multi-hop QA NER RE

ZH
Qwen3-32B 23.65 3.98 4.00 5.78 

Ours 62.43 73.20 87.31 42.64

UG
Qwen3-32B 10.91 2.15 6.80 10.47 

Ours 51.12 68.08 64.11 21.13 

Machine Translation

Question Answering, Multi-hop QA, Named Entity Recognition, Relation Extraction
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Paradigm Shift in Machine Translation: From NMT to LLM-era
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Pros of LLM-based MT

Prof. Liu CCMT 2023

Context
• Context Understanding

• Improves translation accuracy and fluency
• Interactive Translation

• Users can provide real-time feedback or 
guidance

• Versatile Text Processing
• Can translate formal text, colloquial 

language, and slang
• Document-level Translation

• Maintains consistency and context in long 
and complex documents

• Multilingual Capability
• Can translate across multiple languages
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1. Domain Adaptation

• Limited domain knowledge transfer 

• Catastrophic forgetting 

2. Low-Resource Languages

• Limited performance on rare language pairs 

• Insufficient linguistic resources

• Language distribution imbalance during pre-training step

3. Evaluation

• Traditional metrics cannot fully measure translation quality 

4. Efficiency
• High cost for fine-tuning and deployment

Cons of LLM-based MT
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MT Performance Comparison

Zh →Ug translation sample

Ug→Zh translation sample
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Zh →Ug translation sample

Ug→Zh translation sample

MT Performance Comparison
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•Omission – Missing content or phrases

•Over-translation – Unnecessary or redundant content

•Semantic Errors – Incorrect meaning or misinterpretation

•Syntactic Errors – Grammatical or structural issues

•Word-level Errors – Inaccurate lexical choices

•……

Main Challenges of LLM-based MT on LRLs
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Strategies for Text-only LLM-based MT
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Constructing LRLs Instruction

Low-Resource Bottleneck: LLM 
performance constrained by scarce, low-
quality instruction datasets

Proposed Solution: Refined Instruction 
Tuning — an automated pipeline for 
high-quality Chinese→X instruction 
corpora

NAACL2027 under review
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Constructing LRLs Instruction

• Experiment

• Dataset
• Constructed high-quality instruction datasets for 8 low-resource Chinese →  X directions (with 

approximately 5k instances per direction), covering Uyghur (ug), Tibetan (bo), Persian (fa), 
Hebrew (he), Urdu (ur), Bengali (bn), Vietnamese (vi), and Indonesian (id).

Region  Language  Size AverageLength

China
zh→ug  5k 98.93
zh→ur  5k 106.36

Middle East
zh→fa  5k 102.74
zh→he  5k 99.09

South Asia
zh→ur  5k 104.03
zh→bn  5k 97.08

Southeast Asia
zh→vi  5k 97.04
zh→id  5k 97.27 NAACL2027 under review
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Constructing LRLs Instruction

• Experiment

• Main experiment
• Main experimental results on the FLOWERS+, IWSLT, and CCMatrix test sets, with scores 

being the average of four evaluation metrics: Chrf++, COMET, XCOMET-XL, and BLEURT.

NAACL2027 under review
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Constructing LRLs Instruction

• Human Evaluation

• Adequacy

• Fluency

• Faithfulness

• 1-5

NAACL2027 under review
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Multi-Source Knowledge 

• Motivation

Figure 1: Multi-source reasoning for low-resource languages translation

• Inherent Limitations: LLMs struggle in 

low-resource translation via Direct 

Prompting due to a lack of explicit 

linguistic reasoning.

• Information Deficiency: Existing CoT 

methods suffer from coarse granularity, 

failing to systematically integrate the deep, 

multi-source knowledge required for 

precise translation.
CCMT2026 under review
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Multi-Source Knowledge 

CCMT2026 under review

• Dataset & Evaluation Metrics & Models

• Dataset

• The experiments utilize the official FLORES-200 benchmark alongside custom-
curated test sets from IWSLT and CCMatrix, which were manually cleaned and 
filtered to ensure high-quality evaluation across diverse low-resource contexts.

Dataset Language Pairs  Size (per pair)

FLORES-200 En ↔{Fa, Ur, Lo, Uz} 1,012

IWSLT Zh →{Fa, He, Id, Vi} 1,000

CCMatrix Zh →{Fa, He, Id, Bn, Vi} 1,000

Table 1: Statistics of Evaluation Datasets
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Multi-Source Knowledge 

• Experiment
• Main experiment

CCMT2026 under review
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Dual-RAG: Word Sense Disambiguation 

• Motivation

• Low-resource languages lack 
sufficient high-quality bilingual 
data, making traditional RAG 
hard to apply.

• LLMs are vulnerable to lexical 
ambiguity in cross-domain 
translation, which may cause 
semantic hallucinations.

• Existing RAG systems rely on 
coarse sentence- or document-
level retrieval and cannot 
precisely disambiguate high-risk 
ambiguous words.

COLING2027 under review
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Dual-RAG: Word Sense Disambiguation 

• Dataset
• We evaluate Domain-aware RAG on three benchmarks: X-Bench, WMT, and IWSLT. As shown in the table, the X-

Bench is a multi-domain benchmark that includes six Languages, such as Bengali (bn), Hungarian (hu), Urdu (ur), 
Persian (fa), Malay (ms), Indonesian (id), and seven domains. For each Language, we sample from public OPUS 
corpora.

COLING2027 under review
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• Experiment Results

COLING2027 under review

Dual-RAG: Word Sense Disambiguation 
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RAG and Self-Refined Knowledge

Zhang et al., IJCNN 2026
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• Although LLMs demonstrate 
promising translation and self-
refinement capabilities, their 
performance remains severely 
constrained in low-resource 
scenarios. 

• Leveraging external knowledge 
via RAG assists LLM 
translation, but relying solely 
on contextual parallel examples 
and single-round generation is 
insufficient to resolve diverse 
errors. 

• Motivation

RAG and Self-Refined Knowledge

Zhang et al., IJCNN 2026



MSBC2026https://www.miradeljan.com 2026-9-23 42

RAG and Self-Refined Knowledge

Zhang et al., IJCNN 2026



MSBC2026https://www.miradeljan.com 2026-9-23 43

• Experiment
• Main experiment

• Main experimental results on the FLORES-200, NTREX-128, and TICO-19 with XCOMET-XL and BLEURT-20 metrics.

RAG and Self-Refined Knowledge

Zhang et al., IJCNN 2026
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Findings on Multi-modal LLM-based MT
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Constructing Multi-modal Datasets for LRLs

Hou et al., IJCNN 2026
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• Motivation

• Traditional pivot translation 
accumulates errors and lacks visual 
grounding, resulting in noisy and less 
accurate translations.

• We introduce visual information to 
directly support translation, 
improving translation quality and 
image-text consistency.

Constructing Multi-modal Datasets for LRLs

Hou et al., IJCNN 2026
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• Experiment 
• Dataset statistics

Constructing Multi-modal Datasets for LRLs

Hou et al., IJCNN 2026
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• Experiment 

Constructing Multi-modal Datasets for LRLs

Hou et al., IJCNN 2026
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RAG + Multi-Modal Fusion

• Motivation
• Directly injecting visual information 

into multimodal translation is often 
unstable and may introduce noise.

• In low-resource settings, text-only 
retrieval is weak at disambiguating 
short or templated sentences.

• Therefore, we propose using Visual 
Neighbor Memory as auxiliary 
evidence for disambiguation rather 
than letting vision dominate 
generation.

AAAI2027 under review
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RAG + Multi-Modal Fusion

• Experiment

AAAI2027 under review
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RAG + Multi-Modal Fusion

• Case study

AAAI2027 under review

Hindi

Uyghur
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Exploring RAG for Low-Resource Languages
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What Is RAG?

• Retrieval-augmented generation (RAG) combines external knowledge retrieval with text generation by large 
language models (LLMs). It first retrieves relevant documents and then generates an answer based on the 
retrieved information.
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RAG

• Compared with other methods for improving LLMs, RAG places greater demands on the quality of external 
knowledge bases, as retrieved content directly informs the model’s reasoning and responses.

Retrieval-Augmented Generation for Large Language Models: A Survey,  Arxiv 2024, Gao et al.
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Why RAG?

• Outdated LLM knowledge: LLMs cannot keep up with rapidly changing information.

FRESHLLMS: REFRESHING LARGE LANGUAGE MODELS WITH SEARCH ENGINE AUGMENTATION,  Arxiv 2023, Vu et al.
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Early RAG Approaches

• Early RAG used a retrieve–concatenate–generate pipeline with top-k text chunks as external knowledge. Later 
approaches improved chunking and retrieval, adding hierarchical indexing and knowledge graphs for cross-
document aggregation and multi-hop reasoning.

A Survey of Graph Retrieval-Augmented Generation for Customized Large Language Models,  Arxiv 2025, Zhang et al.
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Dynamic RAG

Pei et al., IJCNN 2026
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• Motivation

Dynamic RAG

• DMG-RAG addresses the limitations of conventional RAG, including fixed chunk granularity, fixed Top-� 
retrieval, and direct concatenation of retrieved text in ranked order. It builds corpus indexes at three 
granularities: sentence, paragraph, and document.

• For each question, the system dynamically allocates the number of retrieved chunks at each granularity. It then 
selects relevant, complementary evidence with low redundancy within a fixed token budget, producing a 
context better suited to multi-hop reasoning.

Pei et al., IJCNN 2026
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Dynamic RAG

DMG-RAG consists of three components:
• Multi-granularity indexing of the corpus.
• A router that allocates retrieval counts and token budgets across granularities.
• A budgeter that selects text chunks to maximize relevance to the question, minimize token cost, and 

ensure diversity across granularities.

Pei et al., IJCNN 2026
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• Experiments

Hou et al., IJCNN 2026

Dynamic RAG
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Conclusion
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Text-only v.s. Multi-modal LLM-based MT

1.Unified paradigm: LLMs enable multilingual MT with reduced deployment cost.

2.Text-only strategies: Techniques such as CoT, RAG, and word sense 
disambiguation help compensate for limited parallel data.

3.Multimodal MT: Visual memory and cross-modal fusion provide additional support 
for low-resource translation.

4.Data bottleneck: High-quality instruction data remains critical; automated pipelines 
offer a scalable solution. 

5.Future directions: Expand instruction corpora for more language pairs, integrate 
multimodal signals more effectively, and develop better evaluation metrics.

6.Underlying cause: The suboptimal performance of both unimodal and multimodal 
LLMs in low-resource settings ultimately stems from their pre-trained foundation 
models. 
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         Thanks for all Contributors ~
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Thank 
You!
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       Q & A

This inspiration comes from  Dzmitry Bahdanau @ ICLR2014
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Contact me~

Email: miradel_51@hotmail.com；miradeljan51@xju.edu.cn

• I’m hiring self-motivated master's and PhD candidates 
to join my team as a research intern (RI).

• I am open to collaborations both online and on-site.
• Computational resources：

• H100  80G     50
• 5090  32G      10
• 4090  24G      10
• 3090  16G       8

mailto:miradel_51@hotmail.com；miradeljan51@xju.edu.cn

