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Low-Resource Language Processing in the Era of LLMs
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Actually, the LLM 1s ....

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.
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Large-scale Pre-trained Language Model
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N-gram LM = LLM

Language Models
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The Evolutionary of LLM

Basic Fact - foundational models are rapidly evolving

A growing number of instruction-tuned models have emerged
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The 4 Core Capabilities of LLMs

Instruction Following

Understand and strictly follow user instructions
to complete the assigned task

Language Understanding
Language Understanding

Understand the semantics, intent, and contextual
meaning of low-resource languages

~  User Instruction (Urdu)

m -Q)S‘:’LSJIJN?L‘:‘&J!)E)SCSJ&U&‘QN&ICSJS L):‘)S“"?)“'J'-"Jﬂ)g"lﬁcl"‘\.h""?)m )
el Gy 3 By 3 ool S o Si5S LS S50 1 o
¥ Lo S Jike axil 5 S ol
025 b S8 S oo il p S ol % Model Output (English)
p Interpretation: Thank the participants and | went to the market today because | had to buy
remind them to prepare for next week. some groceries.
m Ertangi yig'ilishda ishtirok etgan barcha & User Instruction (Uzbek)
odamlarga rahmat. Iltimos, kelgusi hafta Quyidagi jumlani xitoy tiliga tarjima qiling:

Men bugun bozorga bordim, chunki menga
bir 0z 0ziq-ovqat kerak edi.

» Interpretation: Thank the participants and % Model Output (Chinese)
remind them to prepare for next week.

uchun tayyorgarlik ko‘ring.

| went to the market today because | needed to buy some food.
\ =
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The 4 Core Capabilities of LLMs

) \ @ ege
In-context Learning Reasoning Ability

0 . R Reasoning
Learn new tasks from a few examples, with strong generalization ability
Perform logical reasoning, causal analysis, and complex problem solving

- ’

Example (Urdu — English Translation) % - Question (Urdu)

- T il o8 s — | am going home. (liad 03 a2 68 Caungd il o9 sl oar w3 il S padd (il S
JUie 2:. 0 2y a3 SUS o —  She is reading a book. (RS > a8 aupdd add 0 S ol 78 ) (Sb s IS Wby Sl g
Jbe 3: .o LS Hiaw JS (el - We have to travel tomorrow. Model Reasoning Process (Urdu)
1. o a3 ot L (ly S padd

A8 e s 2 i s ) 2
» 3.1=23-2= il
LLEELTGT(EEIEDE - He went to the park to meet his friend. 8 i) B 1 ol S ol Glsa
e e e T Question (Uzbek)
Example (Uzbek - Chinese Translation) Agar bir kitobning narxi 15,000 so‘m bo‘lsa va men 3 ta kitob
1. Men ovqat yedim. > BETHE. olsam, 20,000 so‘m pul bilan yetarli bo‘ladimi? Qadam-bagadam
yeching.

2. U maktabga bordi. = X EET,

3. Biz film ko'rdik. - BRIBETHBR.

...... 1. Bitta kitob narxi = 15,000 so'‘m

s dom Bilan. sdhiatiagiil 2.3ta 'kltob narxi = 15,000 x‘3 = 45,000 so‘m
3. Mening pulim = 20,000 so‘m

4. 20,000 < 45,000, shuning uchun yetarli emas.

- fREERNT X, Javob: Yo'q, yetarli bo‘lmaydi.
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LLM Capabilities Across Different Training Stages

Each stage addresses a distinct problem

Text 1s first encoded into tokens. Pre-training teaches language and knowledge, while post-training
shapes 1nstruction following, preferences, reasoning, and safety.

 Pre-training answers: Can (token/petan) - ( Base Model) @"Str““t/ Chat) \\

the model do 1t?

* Post-training answers: Can
the model do 1t as
requested?

* Evaluation answers: Is the
model ready for use?

-

i:Instruction Following:.

—— e

=

i Preference - Safety | |

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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A vocabulary is not a manually compiled list of all words. It 1s a set of characters, subwords, and special

tokens learned from representative corpora.

_______________________________________________ Prepare the Learn the 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

LLM Training |

o e A

[teratively merge frequent segments or select the optimal subword set to
create a fixed vocabulary and ID mapping.

03 Verify Encoding and Decoding

1 I f Bl

e ) ’ ) ’ \ yis! oo . .
11,101 3 12356; | 42 18701, 1990 1102, training and inference must use the same tokenizer.

Check compression, multilingual coverage, and code coverage. Pre-

The tokenizer changes sequence length and word boundaries: overly fine segmentation increases
computation, while insufficient coverage weakens multilingual and coding capabilities.

https://www.miradeljan.com MSBC2026 2026-9-23
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Pre-training: Autoregressive Next-Token Prediction

Training Objective

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

Token sequence

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

e :\<'C> SR Objective

Minimize cross-entropy

:' ‘a

| 5

E [<305>][hzrg:|][7hf°"9h][ Text ][Learning] * : {[ 8 1 : : E Raise true-token

| 2 g x[x] babilit
Blnlabwelisl ° o [ < ] | i

E [h%rggl][Through][ Text ][Leaming] FEOS)} 2 4 ][ ] §

% L__,__L___“:l _____ L S s L)) I E Base Model

| e —>[ Cross-entropy Iossj< ------------ " E Text completion +
. TROEE - — DT T e S R 2 knowledge

Key to self-supervision: the training material serves as both input and label, so text at scale

can be directly converted into learning signals.
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Continued Pre-training: Enhancing Domain && Language-Specific

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.

More domain ower Measure

learning rate : .
data domain gains
Control :
Keep general Monitor
replay token forgettin
budget 9 9

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

&eneral training corpus]

D @ o
w o D
- [Domain-speciﬁc o

corpus i

Domain
o | Base Model

e ) e i, o s i i P

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
iInstructions, and assistant responses. The loss usually covers only the target response.

___________________________________________

SRR GOTEUU R . T rempiate 1S

.. | 01 Collect and Filter
.

e e | Human, expert, or reviewed synthetic data.

SRR | | 5 @ : Cover Q&A, code, reasoning, tools, and dialogue.
AN i —— <[> |
/N Q Y, !

1!
T
i

02 Format and Compute Loss

A

Use one chat template. Mask system and user text;
supervise the assistant response.

” I,fj
.

Multi-turn Dialogue
/, Tt e

03 Train and Regressions

Use full fine-tuning (FFT) or PEFT, such as prefix tuning or
LoRA.

- —————
7

SFT shows desired responses but does not rank viable alternatives.
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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.

: : Sample and
Instruction pairs ) Rank answers ) V(Sri fy
Dialogue format DPO / RLHF RLVR / GRPO
/ ~—(nstruction Tuning SFT ), r( o el Je ;

: { Demonstration Data | | Feedbacksignals | | |

|
>

Shared goal of post-training: shift the response distribution so the model more readily

oenerates hich-quality, helpful, and safe responses.
https://www.miradeljan.com MSBC2026 2026-9-23 14




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.

Responses

reasoning traces.

Compute Rewards

preferences SCore answer

Sample answers and ) I Rules, reward models, or

quality.

~

Stronger
| Reasoning

i Route: RLVR

| Preference
Alignment

! PPOorDPO

g

Update the Policy

Favor high-reward

responses; suppress low-

quality behavior.

N

; Math, code, logic, and complex problems

: Algorithms: GRPO, PPO

| Helpfulness, instruction following, and safety
Routes: RLHF, RLAIF

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

hel
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TianChi LLM
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TianChi LLM
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TianChi LLM

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

Mixed SFT and capability

1
I I
! enhancement :
I I
N N N
I e N\ ) s N s N\ NER !
: @ Named Entity Recognition o :
I \ J N
(T ~ QA I
; Question Answerin + + J
I g ( \ 1.9M+ 100k+ I
: = g ' ZH ; SG-RIT ) :
| 7 ~ » Multi-task Zh-Ug MT A——— RE |
I e Relation Extraction » ~— datn dats data J
| / — » » —
(€D ‘ D v = )
| Sentiment Analysis ) . J o
: I, y Hunyuan-MT _— \ SET ) § :
: s - N :r 5 \I \ / Multi-hop QA :
. Muftthop: Q4 . 1.9M+ entries . - /o
oS J \ ! Mixed data p N
I\ J  STomm-mmmmmmmmm e d MT [
! i | k )
I I

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

Machine Translation

Chinese — Uyghur
BLEU | ChrF++ COTME XC(;ME BLEURT
Qwen3-32B 534 | 2336 | 5556 | 27.67 2776 27.94
Duiis 2402 | 4356 @ 8177 | 68.96 31.29 49.92
Hunyuan-MT-7B 1985 | 41.03 | 82.72 70.67 30.59 48.97
Ours 2717 | 4283 | 8341 72.58 33.86 51.97

Question Answering, Multi-hop QA, Named Entity Recognition, Relation Extraction

Task
Language
Multi-hop QA
7H 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

https://www.miradeljan.com MSBC2026 2026-9-23
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Characteristics
* Relies on large-scale parallel data

= Task-specific training

NMT Model Infer Translation Output « Limited generalization to unseen
(Encoder-Decoder) (¥) languages / domains
« Each direction requires
separate training
e[ = = ) Translation Output
Massive Pre-train General LLM (¥)
Monolingual ’i (Massive Language Model)
Data <
2= = Characteristics
= Pre-trained on massive monolingual data
= Leverages cross-lingual & world knowledge
= Adaptable to multiple MT tasks and domains
+ Zero-shot / Few-shot translation possble
+ Continuous improvement via alignment
Key Shift: Data Source: Parallel Data —»  Massive Monolingual Data
Model Objective: Task-specific Translation - General Language Understanding + Instruction Following
Leaming Strategy: Train from scratch —»  Pre-train, then Adapt & Align

https://www.miradeljan.com
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Pros of LLM-based MT

* Context Understanding

: Context
* Improves translation accuracy and fluency
* Interactive Translation +* GPT-4 &
* Users can provide real-time feedback or
guidance Please translate the following sentence into Chinese:

During lunch, bank employee John told Mary they'd meet at
the river bank to celebrate her promotion. "Break a leg with
* Can translate formal text, colloquial your presentation,” he said.

* Versatile Text Processing

language, and slang
* Document-level Translation

EFEHE, BTRTLHS STt T=NE, L
and complex documents BRI T, R — IR, ik,
*  Multilingual Capability

* Maintains consistency and context in long .
G

* Can translate across multiple languages
Prof. Liu CCMT 2023
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Cons of LLLM-based MT C

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

https://www.miradeljan.com MSBC2026 2026-9-23 24



MT Performance Comparison

Zh —Ug translation sample * > > g > @
Ug—Zh translation sample * > > g > @
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MT Performance Comparison

Ug—Zh translation sample

H>0 -8
7h —Ug translation sample

O-60>-HK>7%- - £
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Main Challenges of LLM-based MT on LRLs

*Omission — Missing content or phrases

*Over-translation — Unnecessary or redundant content
*Semantic Errors — Incorrect meaning or misinterpretation
*Syntactic Errors — Grammatical or structural 1ssues

*Word-level Errors — Inaccurate lexical choices

https://www.miradeljan.com MSBC2026 2026-9-23 27



* Low-Resource Language Processing in the Era of LLMs

» Strategies for Text-only LLM-based MT

https://www.miradeljan.com MSBC2026 2026-9-23 28



Strategies for Text-only LLM-based MT
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Constructing LRLs Instruction

* Experiment

e 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 (v1), and Indonesian (id).

Region Language Size AveragelLength
h 5k 98.93
China Z1us
_____________________________ zhour Sk 10636
h—f: 5k 102.74
Middle East 21
e Zhhe Sk oo 99.09 .
_ zh—ur 5k 104.03
South Asia
i Zhb Sk o 97.08 .
, zh—vi 5k 97.04
Southeast Asia _
Zh_)ld 5 k 9727 NAACL2027 under review
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Constructing LRLs Instruction

* Experiment

* Main experiment

* Main experimental results on the FLOWERSH+, IWSLT, and CCMatrix test sets, with scores
being the average of four evaluation metrics: Chrf++, COMET, XCOMET-XL, and BLEURT.

FLORES+ (zh — xx)
At fa _he vi _id bn__ ur  ug  bo | Avg
Madlad (Kudugunta et al., 2023) | 60.31 61.74 70.58 75.08 56.85 54.10 42.99 40.65 |57.79
‘Direct (Yang et al., 2025) | ¢ 6425 5679 7430 7211 5553 5299 3552 40.76 | 56.53
COD (Lu et al., 2024) 60.70 60.76 72.62 77.10 60.75 53.48 38.03 49.35|59.10
MAPS (He et al., 2024) 66.15 63.09 7495 7844 6321 5528 37.15 4822 |60.81
CompTrans (Zebaze et al., 2025) | 62.92 5851 7359 77.17 53.10 52.10 34.37 46.58|57.29
TEaR (Feng et al., 2025) 65.82 6337 7507 7854 65.26 55.80 38.65 45.40|61.00
Ours 66.29" 6229 75.57" 79.077 57.45 58.117 49.66" 45.84 | 61.79

Table 2: Comparison results on the FLORES+ benchmark (z2 — xx). Scores in individual language columns
represent the macro-average of four evaluation metrics. The ‘Avg.” column denotes the mean score across all eight
evaluated target languages. ‘7’ indicates that our method achieves statistically significant improvements over the
SOTA baseline across all individual metrics with p < 0.01.

NAACL2027 under review
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Constructing LRLs Instruction

e Human Evaluati on Lan. Eval. Fluen. Adeq. Faith.

s Eg, 4.96 4.87 4.87
* Adequacy E3, 430 447 456
" EL, 4.97 4.95 4.99

u
° Fluency E2, 4.99 4.98 4.89
: bo E;, 377 3.69 3.68
e Faithfulness vi El 4.53 4.91 4.94

1

. 1.5 bn B 4.90 4.87 4.68
ur E], 4.18 4.27 4.41
Avg. 4.58 4.63 4.63

Table 6: Human evaluation results for the constructed
instruction dataset. Column headers are abbreviated as
follows: Lan. (Language), Eval. (Evaluator IDs), Fluen.

(Fluency), Adeq. (Adequacy), and Faith. (Faithfulness).
NAACL2027 under review
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Multi-Source Knowledge

* Motivation
* Inherent Limitations: LLMs struggle in

____________________________________________________________________________________

ifTranslat{: the following Chinese into English:
| EERMROKE, BRICAEMERX.

AP IR AR TN S R AN R TN AN T AN FE N N AN I N PRI N AL

 The doctor said he has a hot heart fire and needs to eat some
-*'—'-:-‘-:f: bitter gourd to remove the fire.

| LMs Traditional LLMs translation

low-resource translation via Direct

Prompting due to a lack of explicit

linguistic reasoning.

 Generate four types of relevant knowledge
=) = 4= 3
E o = o + source Information Deficiency: Existing CoT
Demostration Topic Dictionary _ P> G -
hain  ephnatin  concructorompt L methods suffer from coarse granularity,
: TR e e failing to systematically integrate the deep,

The doctor said he suffers from excessive heart fire in traditional F ¢
: ::h Chinese medicine and needs to eat some bitter gourd to clear it away. ﬁ select the best BI= ; multi-source knowledge required fOI'

R o Vs ot ol o o Ve o R g oo PV o i e B oo e e e o iR o e P P Lo e Ve e o T it ™t o ol £ T o eV o a5 oy Vi P e it I

]

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

CCMT2026 under review
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Multi-Source Knowledge

e 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, 1d, Vi} 1,000
CCMatrix Zh —{Fa, He, Id, Bn, Vi} 1,000
Table 1: Statistics of Evaluation Datasets CCMT2026 under review

https://www.miradeljan.com MSBC2026 2026-9-23 35



Multi-Source Knowledge €

* Experiment

* Main experiment

Table 2: Results on the IWSLT dataset (Chinese — XX) of Qwen3-32B eval-
nated by XCOMET-XL.

Method Zh-Fa Zh-He Zh-Id Zh-Vi Avg.
Madlad (Kudugunta et al., 2023)[27] 70.04 71.74 81.68 76.53 75.00
‘Direct (Yang et al., 2025)[28] 74.88 7124 8487 81.62 7815
MAPS (He et al., 2024)[4] 78.03 7594 8323 86.46 80.91
COD (Lu et al., 2024)[8] 73.56  72.58 79.44 8391 T77.37
TEaR (Feng et al., 2025)[29] 7572 72.64 8487 8111  78.59
CompTra (Zebaze et al., 2025)([30] 74.33 7229 81.11 84.54 78.07
Ours 78.73" 76.56° 85.66" 83.16 81.03

CCMT2026 under review
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e Motivation

) SCEPEIET 3T (FNE T 8AE ©fs T
@ A |(ostroprocharer age rogike sarjari warde bhorti korun.)

Src
Ambiguous word: ©f$ F=a (bhorti korun)
| ana medical: education / admin:
|| admit -- take a patient into hospital | | enroll / register - enter someone
| care into a program or system

_____________________________________________________________________________________________

Register the patient in the surgical ward before surgery. }

Enroll the patient to the surgical ward before surgery. }

s

Admit the patient to the surgical ward before surgery. }

W
Original

—
—
—
—

RAG_only

:
“EE
q

ALGER

S

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

e 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.
Lan. | OpenSubtitles TED2020 QED Tanzil wikimedia WikiMatrix Europarl WMT-News TEP | Size
hu v v v v v v 1.2K
ms v v v v v 1.1K
ur v v v v v 0.8K
bn v v v v v 0.9K
fa v v v v v | 0.9K
id v v v v v 1.2K

Table 1: Source corpora and domain coverage of X-Bench across language subsets. Checkmarks indicate whether a

source corpus is included in each language subset; detailed domain links are provided in the Appendix (see Table
11).

COLING2027 under review
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Dual-RAG: Word Sense Disambiguation

* Experiment Results

Item Content

ISource (fi) I Kirja tdytyy saada ensin valmiiksi ja sitten tehdédédn
Method WMT ITWSLT kisikirjoitus.

bn ne bn uz vi Reference Well, I've gotta write the book first, John. Then, you
know, they get somebody to write the screenplay.

Direct 78.11 80.36 71.13 6132 76.86
________________________________ Ambiguity kasikirjoitus
RAG _only 7774 79.16 7324 63.50 77.12 Sense contrast  screenplay / script / manuscript
Threshold-RAG | 78.08 79.77 73.11 62.87 77.05
Filter-RAG 7792 7981 73.14 6287 77.05 Direct The book has to be completed first, and then a manuscript
________________________________ will be made. X
ICES 78.12 78.61 71.11 61.17 76.83 RAG_only The book has to be completed first, and then the
CoD 78.12 80.21 71.11 61.17 76.83 manuscript is made. X
CompTra 7798 80.05 71.12 61.19 76.88 Ours The book has to be completed first, and then a screenplay
Ours 78.30* 80.37 7434 64.47" 71.79* will be written. //

Table 5: Results on WMT and IWSLT. “x” denotes

Table 9: A MuCoW case illustrating lexical ambiguity
significant improvement over the strongest non-ours  in keisikirioi
baseline (p < 0.01). More detailed results are given in

Appendix|Table 32 and Table 33.

Direct and RAG_only choose the wrong literal sense.

COLING2027 under review
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RAG and Self-Refined Knowledge e

Retrieve, Refine, and Translate: LLLM-Based
Translation for Low-Resource Languages
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2}'Ijnjiang Laboratory of Multi-Language Information Technology, Xinjiang University, Urumgi, China
3Xinjiang Multilingual Information Technology Research Center, Urumgqi, China
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RAG and Self-Refined Knowledge

e Motivation

-

"We now have 4-month-old mice that are non- * Although LLMs demonstrate
promising translation and self-

dlabehc that used to be diabetic," he added.
refinement capabilities, their

{ «Lw wnfkjugntig, np tpwp hpdw nitkl snpu ml[“mllmh] performance remains severely
dljulip, npnup ny nhwpkanhly thu b phwplnpl Ehe» constrained in low-resource

@ scenarios.

[.{__9 Sample cases & } . L.everaging qxternal knowledge

error analysis via RAG assists LLM
translation, but relying solely

on contextual parallel examples

«Lw wkjmgpkg, np hhdw pwbp niukl snpu and single-round generation is
wduwlub djulip, npnbp bwjulhinuinhwplnhl insufficient to resolve diverse
Eht, vwmljujt hhdw ny» eITors

\ / '

Zhang et al., [JCNN 2026
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RAG and Self-Refined Knowledge

p
Source.

Src: "We now have 4-month-old mice that are ..
Topics: Diabetes, medical research, ...

Keywords: 4-month-old mice, non-diabetic, ...
used to be diﬂhﬁ‘l‘iﬂ"' he. uddgd, Trans: «Ukbp hhuiw mbkhp snpu mifumljwi dljbkp-

|
| |
| |
| |
| |
|
or all il
| | :
@ @Famm. [Efxtract keywords i "> |Parallel sentences:
|
i i
I |
| |
| |

& |"We now have 4-month-old

== Source sentence: R

mice that are non-diabetic tha

1.Sre: On Monday, scientists from the ..

o= z [~ Analyze topics Topics: Health, medicine, technology, ...
) Pﬂl"ﬂ“ﬁl sentences: - Keywords: Stanford University, printable chip, ..
=4 1 Src: On Monday, scientists from-- nh__ Tranclate directly Trans: Ephnupwpphh Uinkbdnpnh hunfujuopubfpe--
Top-k  Ref: Bpympwpph opp Pdpympymb-- . J P,
S . 0 T o N =
L :
e ) (o o :
[ Pay attention to the topics, keywords and analyze the imperfect ! | Please identify errors and assess the quality of the |
1: translation, then OMLY produce the perfect translation of source ! E translation ... :
1 sentence from English to Armenian, : \ Source: "We now have 4-month-old mice that are |
1 Seurce: I = non-diabetic that used to be diabetic," he added. :
; I:P'“ :d“ L._" //H i Trans: «Zpdm Ukhp mbkbp snpu wduwwljwb dlhkp, -
: YWor 5t I P : !
| Imperfect translation: - : v ! apabp nptnil 3k, .. E
! Perfect translation: i { e o v i e o o e .
! Source: . |
! Topics: i I i s :I!}: ____________________
| Keywords: | ] : L
§ o GO | 455 MQM error analysis | |x3
l\ Perfect translation: : /
: w<niw dkbp nbkbp snpu wduwuljpub d4bkp, nponbp // w<huiw Whlp nulikhp snpu wiuwlpub
nhwptanhly G, ... hinjwbnugud dhikp, npnip wydd ...
J - J

.,

Fig. 2. Owverview of the proposed framework. It integrates Implicit Refinement using retrieved knowledge and semantic constraints with Explicit Refinement
via iterative (1" = 3) MQM-based self-correction.
Zhang et al., [JCNN 2026
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RAG and Self-Refined Knowledge

* Experiment

* Main experiment

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

TABLE III
RESULTS ON THE FLORES-200 DATASET (ENGLISH — XX) EVALUATED BY XCOMET AND BLEURT

Methods Armenian Azerbaijani Hebrew Lao
XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT
0-shot 68.57 72.56 64.92 62.45 70.72 67.34 49.49 62.06
Vanilla RAG 71.47 74.90 68.63 64.31 71.50 68.06 55.55 67.35
COD 70.83 73.57 66.64 63.04 70.44 66.99 52.22 63.80
. : . 9 . 7127 7 :
63 .20 68.94 51.36 63.61
CompTra 61.11 62.71 67.32 63.32 70.74 67.53 49.99 52.54
Ours 76.56 76.87 72.15 65.58 78.57 72.07 57.65 67.64
Methods Khmer Tamil Urdu Bengali
XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT
0-shot 50.98 57.35 53.01 74.83 66.84 56.38 67.33 73.98
vanilla rag 55.28 60.51 55.10 76.77 68.15 56.66 68.48 74.87
COD 51.24 57.49 53.25 74.60 63.65 55.81 66.22 74.01
APS 57.11 61,87 57.87 77.51 71.04 57.56 7131 75
TEaR 52.93 58.88 55.23 76.42 67.86 56.65 68.44 74.32
CompTra 4395 LV .y} 4203 59.77 64.45 56.23 : :
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* Low-Resource Language Processing in the Era of LLMs

» Strategies for Text-only LLM-based MT

* Findings on Multi-modal LLM-based MT
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Findings on Multi-modal LLM-based M'T
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Constructing Multi-modal Datasets for LRLs
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Constructing Multi-modal Datasets for LRLs

e Motivation

Traditional Pivot-based  Traditional pivot translation

accumulates errors and lacks visual

Pivot — Noisy & grounding, resulting in noisy and less
Translation Ungrounded

Error
Accumulation

accurate translations.

SilkRoad-VL * We introduce visual information to

directly support translation,

QI

Visual-) ErY;_e[\r/IT’lﬁlle )

Grounding

& Visually
Grounded

High—QuaIity] improving translation quality and

Image-text consistency.

Hou et al., [IICNN 2026
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Constructing Multi-modal Datasets for LRLs

Table 2: Statistics of the SilkRoad-VL dataset, grouped by region.

* Experiment Short Fima

Language Total

Count Length Count Length

* Dataset statistics

Central Asia

kk 26.1k 13.0k 14.8 13.2k 31.6
, , ky 23.2k 12.8k 15.4 10.3k 33.0
Table 9: Human evaluation results on SilkRoad-VL.
tg 2.4k 1.8k 17.0 0.6k 40.0
ug 8.7k 3.7k 15.7 5.0k 34.7
Language Fluency Adequacy Visual Relevance uz 14.9K 8.9k 15.2 6.7k 33.0
South Asia
ug 4.61 4.70 4.73
bn 34.4k 16.0k 16.0 18.4k 37.8
uz 4.10 4.03 4.74 ur 9.6k 5.1k 23.3 4.5k 56.6
Middle East
kk 4.33 4.33 4,67
fa 36.3k 18.1k 20.7 18.1k 51.3
ur 4.80 4.19 4.69 he 30.8k 16.1k 14.7 14.7k 31.9
Southeast Asia
Average 4.46 4.31 4.71 _
id 38.6k 19.0k 17.3 19.7k 38.8
vi 37.3k 18.5k 23.1 18.8k 55.8
Hou et al., [JCNN 2026 Total / Average 262.3k 132.3k 17.6 130.1k 41.6

https://www.miradeljan.com MSBC2026 2026-9-23 48



Constructing Multi-modal Datasets for LRLs

* Experiment

Table 4: Results on the SilkRoad-VL test set for languages outside Central Asia using
BERTScore (BS), COMET-Kiwi (CK), and CLIPScore (CS). Underlined values denote the

best zero-shot baseline, and bold values denote the best overall result.

South Asia Middle East Southeast Asia
Model bn ur he fa id vi
BS CK €S8 BS CK (S BS CK CS BS CkK C5 Bs CK C8 BS CK CS
Qwend-VL 92.22 T7.01 16.81 90.61 67.83 16.55 93.83 74.66 18.48 94.33 TL.67 16.78 97.03 83.556 22.95 95.89 83.51 20.47

Qwen2.5-VL 89.72 63.69 16.89 B87.46 54.11 17.34 91.858 63.58 18.60 93.04 T74.65 16.08 95.43 80.41 22.70 95.06 82.33 20.46

LLaVA-v1.6 75.07 31.27 18.46 79.29 29.81 16.64 80.84 27.46 18.34 82.42 29.07 17.23 91.38 56.01 23.29 88.94 47.41 21.03
LLaVA-1.5 77.95 34.08 17.19 82.26 32.22 17.3% 83.34 30.93 18.25 84.71 34.41 17.18 93.50 64.35 23.89 92.53 61.65 21.09
InternVL3 87.23 53.61 16.72 84.62 40.28 17.42 90.64 55.21 18.30 89.95 53.17 16.97 95.51 65.30 22.52 95.42 71.51 20.63
Qwen3-Text 92.67 78.24 16.83 91.68 69.88 17.32 94.27 74.30 18.55 94.90 79.59 16.67 97.22 83.96 23.18 96.36 83.79 20.49

LLaVA-v1.6+FT 95.09 73.80 16.74 95.16 66.60 17.27 97.61 71.81 18.39 96.99 T71.58 16.71 98.32 71.61 22.83 97.69 72.72 20.64

Ours 95.43 82.22 16.71 95.52 T9.58 17.23 97.76 B2.96 18.65 97.29 83.70 17.04 98.48 B84.23 2288 9T.87 83.55 20.52

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

e Motivation

Query: This is a bat.

Ambiguous token: bat * Directly injecting visual information

into multimodal translation 1s often

Text-only neighbors

- N unstable and may introduce noise.
Template collapse: .
same surface form, mismatched referent \ A wooden baseball .
™. bat on the ground. * In low-resource settings, text-only
1.This is a bat. x . . . . .
(animal : bat) A man holding a retrieval 1s weak at disambiguating
’ baseball bat. short or templated sentences.
LS el A baseball bat , ,
SR R leaning against the * Therefore, we propose using Visual
3T a ot RS L Neighbor Memory as auxiliary
This is a bat. FERS , o . ) . .
(sports: bal . v LRI evidence for disambiguation rather
Kbat—a> baseball bat (sports equipment) . . . .
| J than letting vision dominate
K Incorrect: bat (animal) o Correct: baseball bat (sport) _
generation.
AAAI2027 under review
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RAG + Multi-Modal Fusion

* Experiment

Method Short-Caption Retrieval Low-Resource Transfer Distant LR

VG test LoResMT UMMT
bn hi ml ha ha kr ti uy

Pure-text

Direct (Yang et al. 2025) 57.79 61.73 51.65 32.91 29.63 19.58 25.35 29.63

CoD (Lu et al. 2024) 57.36 60.68 51.72 33.19 29.93 19.74 26.27 29.69

CompTra (Zebaze, Sagot, and Bawden 2025) S1.37 60.70 51.69 33.12 29.92 24.65 26.09 29.69

MAPS (He et al. 2024) 58.85 62.27 55.20 3491 31.33 22.39 27.63 33.97

Visual prompting
DeDiT-style Prompting (Liu et al. 2025) 55.01 61.41 47.49 3232 27.04 20.85 18.17 18.16
Direct multimodal LLM

Qwen3-VL-8B-Instruct (Bai et al. 2025) 55.60 5727 46.09 32.28 28.26 19.54 17.11 22.65

Qwen3-VL-32B-Instruct (Bai et al. 2025) 59.20 60.77 50.76 32.86 26.63 18.11 19.17 2797

InternVL3.5-38B-Instruct (Wang et al. 2025) 55.94 62.11 48.33 31.41 26.63 18.63 16.84 18.45

Our variants

Text-only 62.16 62.50 58.30 43.96 33.19 24.05 27.48 37.72

Fusion (o = 0.9) 62.11 62.64 58.11 43.81 33.20 24.03 27.26 37.66

VNM (ours) 63.36 63.81 59.75 44.32 34.07 25.13 28.21 39.92

Table 1: Main results on the core English—low-resource benchmarks (Av:c only). Best results are in bold, and second-best
results are underlined. Full metrics are reported in Tables S8-S11 of the Supplementary Material.

AAAI2027 under review
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RAG + Multi-Modal Fusion

Image Source Sentence
¢ C aS e StUdy men playing baseball
Reference

FGETe Gl @ =y (men playing baseball.)

Direct Output

ohehe Werd Y 99 (men playing cricket.)
Text-RAG Output R .
TfgaTy SueTa @< @ &l (women playing baseball.) Hlndl
Image-RAG Output
nfgary Saia @« e & (women playing baseball.)
VNM-RAG Output
CEEICECE EER T BN (men playing baseball.)
Source Sentence
A man is grilling out in his backyard.
Reference
ol §aydtes DB lawwdygn B36 dlusjds sad yu (n man is grilling in his backyard.)
Direct Output
Szl lwadl dlasSa s  Saia (incorrect translation.) U h
Text-RAG Output y g ur
8085 el oo Gl diiad (incorrect translation.)
Image-RAG Output
B08Y Lol auuoad Bl affad (incorrect translation.)
VNM-RAG Output
Al gasaany I8 [ulyge B0 545 40 (a\r}an is grilling in the backyard.)

AAAI2027 under review
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* Low-Resource Language Processing in the Era of LLMs
» Strategies for Text-only LLM-based MT

* Findings on Multi-modal LLM-based MT

* Exploring RAG for Low-Resource Languages
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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.

Simplified RAG

—C B8

tion Search
User Input Q(gﬁzr;,o;etrie;ﬁ Knowledge Database

Why use RAG?

Large
Better Answers! (less) @ L
Up-to-date Knowledge, % = % '-3% <D i;‘g:ealge
& Trustworthy sources

Knowledge Context

Why use RAG?
Better Answers! (less hallucination), g
Up-to-date Knowledge, &
Trustworthy sources (links to documents) Accurate, Timely

Answer with Citations
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RAG

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

External Knowledge

Required
F
Modular RAG ————p e ———
HI h Organic' combination of .
g { muitiple modules \,‘ ( Retriever Fine-tuning )
I ¥ | e
1 -.\ i I ),
Advanced RAG . ¥ e ( Collaborative Fine—tuning )
Index/pre-retrieval/post-retrieval [, \ } i ,,r"'
timization e v
= ¥ i g i All of the above
l \. o 1 * <
] =g
Naive RAG = RAG A - ( Generator Fine-tuning )
Add relevant contextual |~ s
paragraphs V' pmmmmm=m—=-
T \‘ LT
l e e e S e A P J‘\‘
4 ) ) i Fine-tuning
XoT Prompt Prompt Engineering ! '
e.g. CoT, ToT ’d_.,--"'x:__»”'- A ‘
' i -
(Few—shot Prompt)
.\K y
Low e ( Standard Prompt )
o Model Adaptation
. "~ Required
Low High
Retrieval-Augmented Generation for Large Language Models: A Survey, Arxiv 2024, Gao et al.
https://www.miradeljan.com MSBC2026
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* Outdated LLM knowledge: LLMs cannot keep up with rapidly changing information.

Type

never-changing

Question

Has Virginia Woolf's novel about the Ramsay family entered the
public domain in the United States?

Answer (as of this writing)

Yes, Virginia Woolf's 1927 novel To the Lighthouse
entered the public domain in 2023.

never-changing

slow-changing

What breed of dog was Queen Elizabeth Il of England famous
for keeping?

How many vehicle models does Tesla offer?

Pembroke Welsh Corgi dogs.

Tesla offers six vehicle models: Model S, Model X,
Model 3, Model Y, Tesla Semi, and Cybertruck.

slow-changing

fast-changing

Which team holds the record for largest deficit overcome to win
an NFL game?

Which game won the Spiel des Jahres award most recently?

The record for the largest NFL comeback is held
by the Minnesota Vikings.

Dorfromantik won the 2023 Spiel des Jahres.

fast-changing

false-premise

What is Brad Pitt's most recent movie as an actor

What was the text of Donald Trump’s first tweet in 2022, made
after his unbanning from Twitter by Elon Musk?

Brad Pitt is credited as Keith in IF.

He did not tweet in 2022.

false-premise

In which round did Novak Djokovic lose at the 2022 Australian
Open?

He was not allowed to play at the tournament
due to his vaccination status.

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.

F [ B N )
1 | seln ll seln 2 | se:l 3[ ] | | I \ \ N ! The Great Lakes are a group of five .
1 1 . i large freshwater lakes in North y .
Non-graph 1 vecl IEI" L A “Similarity % E Query ] : America. They are Lake Superior, — Lake Superior,
RAG | {veca[ T [ ju et} (D §= = Lake Michigan, Lake Haron .. ~—Dwert | Lake Huron, Lake
User Query : : E ; - Integration Erie, Lake Ontario
vec3 [+ ] | [ | T Retrieved Organized Texts
Ly ) L Similarity ~ chunks
Whichof thefive @0y | | ~  ~TT-TTTs=T=T==sssmsomms Ranking
[PT¥® are shared by the Text Chunking
A Canada Q}\ 5
G e \ - Fisheries </? ‘*' El
Constructing| ©o 0~ o—0 : = Lake Erie  Canada - Lake Superior,
: o e 3 Refinement y : ~ T Lake Huron, Lak,
E[::l Customized LC_) Q_C_)___ i —> ©0—0—0 — Lake Superior@ : e ‘a' : E/ -~ Tailored o Lﬂkgé : 'f
KGs 00006 CL/'O Inited States 8 = T Prompt Design o =
Entity/Relation ~D = Mexico USA
=] 5 Extraction Relational Triples Subgraph Pruning

ow Lake Superior,
-F‘_'* Lake Huron, Lake
ine-tuning Erie, Lake Ontario

Corpus Indexing with Z ::g:
el i
Graphs B = w0, ~

o

o ~= ks ¢ o
Topic Noge Topic Linking Fact Linking Topic Topic Node Retrieved
\_ Extraction \ Ranking Selection Text Summarization )
Knowledge Organization Knowledge Retrieval Knowledge Integration

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

DMG-RAG: Dynamic Multi-Grained
Retrieval Augmented Generation for Multi-Hop QA
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Dynamic RAG

e Motivation

* DMG-RAG addresses the limitations of conventional RAG, including fixed chunk granularity, fixed Top-k

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.
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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.
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Dynamic RAG

* Experiments

Mothods HotpotQA 2WikiMultiHopQA Average

EM F1 EM F1 EM F1
Direct(qwen2.5-14B) [7] 20.6 274 23.2 25.49 219 26.5
Naive RAG [1] 53.1 67.1 39 46.5 46.05 56.8
MoGRAG [6] 40.4 5237 19 23.61 29.7 37.99
GenGroundRAG [27] 36.59 4591 21.2 26.42 28.9 36.17
Ours 56.8 71.3 49.3 58.1 53.05 64.7

TABLE II: Answer EM and F1 (%) on HotpotQA [3] and 2WikiMultiHopQA [4]. We compare DIRECT (LLM-only, no
retrieval) with RAG baselines and our query-adaptive multi-granularity retrieval with budget-aware evidence packing. Average
reports the mean score over HotpotQA and 2WikiMultiHopQA (higher is better). Underlined values indicate the best baseline
performance.

Hou et al., [IICNN 2026
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* Low-Resource Language Processing in the Era of LLMs
» Strategies for Text-only LLM-based MT

* Findings on Multi-modal LLM-based MT

* Exploring RAG for Low-Resource Languages

e (Conclusion
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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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Q&A

Any  Questions ?

/

P

/

//
/
|

Questions diverses ?

This inspiration comes from Dzmitry Bahdanau @ ICLR2014
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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).

* | am open to collaborations both online and on-site.

* Computational resources:

« HI0O0 80G 50
* 5090 32G 10
* 4090 24G 10
* 3090 16G 8
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