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LLM Everywhere
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LLM

What Are Large Language Models?

Large Language Models (LLMs) are Transformer-based architectures trained on massive unlabeled text via
self-supervised and semi-supervised learning, enabling them to generate natural, context-aware text
across diverse formats and styles.

Artides, Blogs, Journals

L.

LILM

|2

Qutput

L

Poems, Nevs, P osts https://becominghuman.ai/

Large-scale Pre-trained Language Model
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LLM

Language Models
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LLM

The Evolutionary of LLM
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(Yang etal., 2023)

*GPTImproving Language Understanding by Generative Pre-
Training. 2018

*GPT-2Language Models are Unsupervised Multitask Learners. 2018.
*GPT-3"Language Models are Few-Shot Learners". NeurlPS 2020.
*OPT"OPT: Open Pre-trained Transformer Language Models". 2022.
*PaLM"PalLM: Scaling Language Modeling with Pathways".
Aakanksha Chowdhery et al arXiv 2022.

*‘BLOOM"BLOOM: A 176B-Parameter Open-Access Multilingual
Language Model".2022.

*MT-NLG"Using DeepSpeed and Megatron to Train Megatron-
Turing NLG 5308, A Large-Scale Generativelanguage Model". 2021.
*Gopher"Scaling Language Models: Methods, Analysis & Insights
from Training Gopher", 2021.

«chinchilla "Training Compute-Optimal Large Language Models".
2022.

‘LaMDA"LaMDA: Language Models for Dialog Applications".2021.
‘LLaMA"LLaMA: Open and Efficient Foundation Language Models".
2023.

*GPT-4 "GPT-4 Technical Report".2023.
‘BloombergGPTBloombergGPT: A Large Language Model for
Finance, 2023,

*GPT-NeoX-20B: "GPT-NeoX-20B: An Open-Source Autoregressive
Language Model".2022.
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LLM

Basic Fact - foundational models 1s rapidly evolving

A growing number of instruction-tuned models have emerged

Instruction data Parameter-Efficient
Fine-tuning Fine-tuning ™%
LLAMA 78
138/338/658|[ __ Sl

Nov 2022

P nomic-ai/gpt4all
ChatGLM 6B

Instruction-Tuning-with-
GPT-4/GPT-4-LLM BlinkDL/
ChatRWKV

» Open Assistant u Koala A Dialogue
ShareGPT ConversationalA{fo‘r’(‘everyone. ‘;; Vicuna-138 Model for Academic
== A
High Quality Multi-Modal  Tool & Plug-in Human Feedback
Instruction data Fine-tuning Learning Reinforcement Learning

(Ding et al., CCL2023)
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LLM

LLM performance on NLP down-stream tasks

Information

C extraction
Structured data

Large Language Model \ Instruction
following

.
B e R
Object
recognition

Training Adaptation Image

captioning
3D signals

Sentiment
analysis

https://blog.gopenai.com/
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LLM Everywhere --- Conversation, QA, Outline, Recommend, MT, Coding

o You

BE FS—"python FIE, FEZiBtsv FETRISHEFEER son ETLRIIAE, =R FAwith open &7

ChatGPT
ChatGPT Al

Wik, BEATLUAERE— P PythonBlASKIE TSVIER B CIHEIAREISOMNIETUAISZE, IR open it | g2,
E‘j_ll‘a_ij;r\ﬂ__-ﬁu . “open” F] close  FEFEHEER{HFRTFI=E. E:

{(tsv_Tfile_path, Jjson_file_path):

tswfile = open{tswv_Tfile_path, + encoding=
(tsv_file_path, json_file_path): reader = csv.DictReader(tswvfile, delimiter=

open{tsv_file_path, , encoding= ) tsvfile:

reader = csv.DictReader(tsvfile, delimiter= )] reader:

data.append{Tow)

data = [1]
tsvfile.close()
row reader:

data.append(xow)
Jdsonfile = open(json_file_path, . encoding=
Json.dump{data, jsonfile, indent=4, ensure_ascii=
open{json_file_path, , encoding= ) jsonfile:

json.dump(data, jsonfile, indent=4, ensure_ascii= ) jsonfile.clase()

R tsvw_file =
tsv_file =

Json_file =

json_file = o tsv_to_json{tsv_file, json_=£file)

tsv_to_json(tsv_file, json_file)
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Outline

 LLM Everywhere

e Machine Translation with LLMs

| https://www.miradeljan.com ICNLP2026 2026/3/29 10



Machine Translation with LL.Ms
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Machine Translation

* Use computers to transform one sequence into another.

K X = Hr s ; & b4 JEx

' https://www.miradelian.com ICNLP2026 | 2026/3/29 %



Multi-lingual MT

* Multilingual machine translation aims to enable translation between multiple languages
using a single unified model, thereby significantly improving translation performance for

low-resource languages while greatly reducing deployment costs.

3

Huang, CCMT2023

| https://www.miradeljan.com ICNLP2026 2026/3/29 13



MT with LLM

Machine Translation with LLM

ETPAN
* General Model v.s. Specific Task (Translation) / Translate into English: I
+ Specifying model behavior through instruction. Chinese: {FEXRIZITA47?
 In-context Learning (ICL) English: What do you like to eat?

Chinese: FEIZEAFIME

A A \English: =
| i lish:
(amewrm ) || o
RENISESFE

» [ I like to eat spaghetti J

[ T Tl foseat hetti ] E@Hj
ike to eat spaghetti [Ilike to eat spaghetti ]
In-context Learning
Seq2Seq Instruction

A small number of examples obtained

Acquiring the ability to directly follow instructions during pre-training.

through instruction learning. Prof. Huang CCL 2023

’ https://www.miradeljan.com ICNLP2026 2026/3/29 14



MT with LLM

The paradigm of learning 1s shifting

* NMT: Translation knowledge 1s primarily learned from parallel data.

| Train :
| 4 ITranslation Model

 LLM: General knowledge (including translation knowledge) is primarily learned
from monolingual data.

Monolingual Pre-train [ ]
Data { _
|
Parallel data o i
IC:l_ Instruction tuning |
In-context Learning Prof. Huang CCL 2023

| https://www.miradeljan.com | ICNLP2026 2026/3/29 15
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Zhu W, et al. Multilingual Machine Translation with Large Language Models: Empirical Results and Analysis, arXiv:2304.04675
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Pros of LLLM-based MT

1. Context Understanding

— Accuracy & fluency Context

=

+f GPT-4
2. Interactive Translation
— Real-time user feedback / guidance

Please translate the following sentence into Chinese:
During lunch, bank employee John told Mary they'd meet at

3. Versatile Text Processing the river bank to celebrate her promotion. "Break a leg with
— Formal, spoken, slang your presentation,” he said.

e/
4. Document-Level Translation

— Consistency & context in long/complex texts * - S
EFEE, BRI SRt ISmI=0E, L

PRAbRIE T, "l REYEH—IIIF)," fthik.

5. Multilingual Capability
— Simultaneous multi-language translation

Prof. Liu CCMT 2023

’ https://www.miradeljan.com | ICNLP2026 2026/3/29 17



Pros of LLLM-based MT

Interactive Translation

m Please translate it into English:
AEESREACHILIREERLPEFAFINBR T, BESHEX
s IEFRILE, hrE—72 RS PERAFIIRNE,
BAIgR T — 1 EE54001223, EERAE Transformena=&
1, IRz SPathwaysiESiE4Y,

The translation of the provided text into English is:

"Large language models have been shown to perform well in various

natural language tasks with limited sample learning. To further
understand the impact of scale on limited sample learning, we trained

a Transformer language model with 540 billion parameters and dense

activations, which we call the Pathways language model."

Versatile Text Processing

Please translatg "7k EA~ 7 X into English.

The Chinese phrase "Jzu7KEA~ 7" literally translates to "distant
water cannot put out a nearby fire." This idiom is used to express the
idea that help that is too far away is of no use in an emergency or
urgent situation. In other words, when you're facing an immediate

problem, solutions that are too far off in time or space won't be of any

help.

Prof. Liu CCMT 2023

| https://www.miradeljan.com ICNLP2026
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Pros of LLLM-based MT

Document-Level Translation

B Translate this document from English to Chinese:

T e BER—REPRESERSUVIGSE RIS, A TERTRE.

udi|is an autom ertﬁét‘makes luxury cars b SRS kv Z< W aies
and SUVs. [The com oo CHELEHSESR (August Horch) F19105637, EFRIATS

o : - — B ER—RAR, HERESZNE, Bisiey)E~ Ui,
. |ltjwas established by| August Horch
[1810.[Horch] had previosly founded another F1914%F, EFRNHEFASINLEHKE.
company & ] models were quite - . e "
N popular. |Audi |started with four cylinder REFEFT1920FFAREBAE), BESENMNFTIVRKES
| models. By SHerch]’ A
| racing and winning AT,
[—{August Horch |left {the Audi company] in a Seby B e A IN= SR dea
1920 to take a position as an industry Hel, RERARKANFLAE, £EFREFBANSE.
| representative for the | orman —
| vehicle industry federation’
Currently |Audi i Sidiary of the
Wang et al. Document-Level Machine Translation with Large Language Models. EMNLP 2023. Prof. Liu CCMT 2023

' https://www.miradelian.com | ICNLP2026 2026/3/29 19



Cons of LLM-based MT

1. Domain Expertise & Knowledge Transfer
* Limited domain-specific terminology capture
* Catastrophic forgetting during adaptation

2. Low-Resource Languages
* Rare language pairs: room for improvement

3. Evaluation Bottlenecks
* Traditional metrics fall short for high-quality translations

4. Computational Overhead
* High cost for fine-tuning & adaptation

' https://www.miradelian.com ICNLP2026 2026/3/29 20



 LLM Everywhere

e Machine Translation with LLLMs

* Challenges of LLM-based MT on LRLs

| https://www.miradeljan.com ICNLP2026 2026/3/29 21



Challenges of LLLM-based MT on LRLs

| https://www.miradeljan.com ICNLP2026 2026/3/29 22



Closed model (GPT): MT

. . - . “ 2 w By s - s, < - s .2 » v e g . s w 2 e s
Onglna] Input; “ U\J-Q)JLL\JJSJM d}u}.a \.JJ)J Shilads DB} L;QMMUAM.\S Ly (WRCWEPY LI M}gé\ﬂ%a;&ﬁw‘t; JM}LUJ JS‘SP
LSM-‘-‘-"L‘ éJ}L}S 6-‘-'9-‘5-‘1*-’)-“ O 0 B g8 ) fri-adin o ass"LL’-’LLA St § ‘GSAJL’-’L‘ 3 7

8FA9, BAFMNBIEFG, XOEFEREIFRPR. RIEEA:"
8% gl (e (s ot S § 484G § LRaild § ludeda Nl iy S5
| Jasi-aiiyy o) (uliladlila Crtan 55 o Ailiialila (5 5 L 0 M8t J 53 10,5 dlaiadads
i o Jla 1S Sl 8 5"

iR, XOPER HERIE, BRDIMEFERPX:

BEER

"REERDSMLABHSEEN, HENERBOLRRNEENS L ERMEAZBITHRE. PHUR
BHiES. MiRRIFNTH."

Ug—Zh translation sample

https://www.miradeljan.com ICNLP2026 2026/3/29 23




Closed model (Gemini): MT

Onglna] Input: “oola g LZAJJSJ\S.L\MS d}uj.a la gt Shulads g (Al Camnd (un Cdnaadl Saus o 4\54.5::}‘5_9.“.\49 3 shmieda JM}:.U’B )S\Sj:.

IFRY, BAIGTMNRERE 8, XA IEIRAERIER P,

Sy i d Raild by ot uglsily S83a" | RIAHA
Jasy 1095 Sialads 95 gt (el i yps Sasaddl

I3ty o3 o iulili Ly StanS oiallialyly olinss Uil lSpuuses

gl dla oS cadlili ,0 i s

F "

P BN X AHERIENENENT

PEEMSEEMLRES, BIERBMRANREEMS L ERMWAZRITSE. HENEE
o HKF

I EPREE Sk

Ug—Zh translation sample

https://www.miradeljan.com ICNLP2026 2026/3/29 24




Closed model (Grok): MT

Original Input:  “ obia s Lo S Jonigy 10 )58 Slidadds )51 oaudadd el (o yn Canadds M 4 4848 § il § Jludeds Dlalsify S8 4a
sl s € A@lla yi a0 G 65 ) Saiediin o Allalla Ca 3 o alils”

1780, FEMIFCMAERENEE, XOIEREIERPN., FIEBIN "Sutes Sualeil S84
Ol o Ly _;-'.L J'||'_= S shgela e Sliilaas Py Y] PRTCNCLY DWW b s vt abd]) RS - 484, § ghatid 4

kR & R TE - & e ke = - Rk B - - Yaf = f &
__-_'-._'""_'__‘"".-l-—'l_'_._:l—"- ""I-'lv-'_,:-:-'l-".__;l-';-l—' '_—,'_EE_FII_‘}"-“_"”__' 3 il I..:u- 'n.lfolh_lll—'i .||'|-:l'?.~

FEEXDEMILABHEEEM, BINERE

A ab o MR P ER _EXEKRIR A T#THRE ., ISREREIEIE
=. MEBIFEITE.

Ug—Zh translation sample

’ https://www.miradeljan.com

ICNLP2026 2026/3/29
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Closed model (Claude): MT

Original Input:  “ obia s Lo S Jonigy 10 )58 Slidadds )51 oaudadd el (o yn Canadds M 4 4848 § il § Jludeds Dlalsify S8 4a
(sl &l 1€ Eblks 0 (i o g ) BaiedTiy o Elills et 5 o Bl
y XaERENE “Wim”, FAARIZR “WisME” RE8&

oty Cotand S by BB § el o udieda Sal iy S5
alian ol sla 5 idlilas y5 (Ao 5 55 ) Sauiadiy |5 Aallaalla s 55 adiadia s 5 Lol JSuaas” JX0)

TEENERA I, N
\ RXAMABRIRFLE T

X ERERERP G R

"o R 2 9 T B 1 ) PR X BR ML AT MRS I
BRI . "

RA)IERIR T P E R B A R R ER AR 0 AL F I AUE S GE I IS

B &  Retry v

: l E Claude can make mistakes. Please double-check responses.

SBRRIRIEE R

Ug—Zh translation sample

| https://www.miradeljan.com | ICNLP2026 | 2026/3/29
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Closed model (GPT): MT

Original Input:  “ 3K B 3 [E e 04 A B AL B LR e . 225F AN RIE . FUE ACT RIS AR RIR ) DAL B AR 2275 5 /O Bras, (B
e B LIORBERF AR SS M AR SR I AR . 7

"BREBESESHENEHRRE. S2FFEK. REKENEER
EANREFHESEGNHE, 2R —EWRRISTROZREHTE
ARIFHRE, XEEDEREERIE,

IFH0 ofs FORIEX Q)IEBIFAL HERIE.

HE/REHF

€ A 85 (gt P qu foa (B LALE il A5 AT (TAAAD a1 3 CrTiARAD g 2 3 iy (it | LT § (ke
a3, ASAMALS Jo 148 Suia ) 138 cquadia 1 Audandn cpbe Luak [CAasl€ Rt il gl puadd s otyle o gLk o 35
rheadd] Sk, 3

Zh —Ug translation sample

https://www.miradeljan.com ICNLP2026 2026/3/29 27




Closed model (Gemini): MT

Original Input: 3K H F E i o4 AL E LU e . 2257 A RGE . BB ACT SR ARG DA K B 7 A= 24 9% 5 g 58, (2
e B PORBERFAMR IS Jrmi ARSI 7

"BREREREDELBELRIRE. SFTEA KA
MEHRENURETHESEENE BRR—ELURES
FROBHTEEEFORE, XEEFHEHEERIE,

HER TSR EREERIE. XTESR—EWEENESE EHRNTEEEAR

i
L3t

P BUFREAESERIEHE
dalddda guibiusiBnd (3l jo0dd pun oy ad clalainy] o€ Ba eSaisauad oo jdd Jdd dadeanial g ke’
4840 3SI4S o35S BaLlidyls (andis o SacuS 51 33 fdls raoids (aSyl [ Basload 5 (SIS [asSladias LRI

i = o - "
sodaalniong

Zh —Ug translation sample

’ https://www.miradeljan.com | ICNLP2026 | 2026/3/29 28



Closed model (Grok): MT

Original Input: 3K H F E i o4 AL E LU e . 2257 A RGE . BB ACT SR ARG DA K B 7 A= 24 9% 5 g 58, (2
e B PORBERFAMR IS Jrmi ARSI 7

"BFRBEESASMRUSIEBRE. S R, FEKFHIFHFRENURETHES
EERETEE, BER—EPIEERAMASES DmeEREIARFE. “XeEFEhEMRESRIE,

aq .u_,.wﬂ;_._v..ls'ﬁ*lm l.ﬁAJ'}L‘FL{I ||_-_]Lﬂ-.A¢CLJ-A§ .“,As'iéa!,«:.} L‘EJL-\.U.J.LH‘.AJ 4|_|_-:|u...| ,,a_:c@,w ,JJJq..r 'l.:.j...-l...l...l...l...k..ll)_l:q.} L,Su.;\.xg)af- Elaj L_J.uqis_é:b LT

51 Alinoan o oSy (aaS Sl ol GUB Lwaslw walus of LIVISl sXeas «()odsi a.
rnu d Lﬁmqﬂﬂ: |_,IG__E|9§ tkaaad P RLLr-E as

Zh —Ug translation sample

’ https://www.miradeljan.com | ICNLP2026 | 2026/3/29 29



Closed model (Claude): MT

Original Input: 3K H F E i o4 AL E LU e . 2257 A RGE . BB ACT SR ARG DA K B 7 A= 24 9% 5 g 58, (2
e ELRORIE SR AR 55 i AR SR I AR K . 7

L, iwH
@ conEsEBIEAELRER. SFFRA. HEKFNRHFREOURETIES
BENFE, EER—ENRESMENENMRERFORR, XOEHIRETRE.

) R A A 1B s iR X a)iE
" e ¢ isald i 05 et 5 ot it 1) sh sl g8 et e S BURLS jias f30 g

it (e (1 ARSI 028 nann e S0 U sata 035 1 0 i
P8 cali B 08 o5 il e S glata i N st
B T R SCHI R EIE T (N BT TR P A AR (L0 SR R % iR S dr Ak
1B

BN R

Zh —Ug translation sample

' https://www.miradelian.com | ICNLP2026 | 2026/3/29 30
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Zh —Ug translation sample

Ug—Zh translation sample




https://www.miradeljan.com

Open model (DeepSeek): MT

Original Input:  “ Ol s Loy )i Jsrigy 12555 Sliddadh )68 o (s (G Cdnaads M 4 4848 § LBadid § cliieds sl KK 7

GfEy, FAEMAULEEENE IS, XONEREMERPL. [FRIBWA gklaardgx i) 9i59:-
dg_u_g.. |\.‘J9_I LJ..LL.LLH:-GJJ’-)M 1 uma., L_Jd..n.us_{}.l dfd&eg - '
Souligds u;@ﬁ.

X O AP ICENEW T

PERRHENEESSEEN, BIERBIFEENEN RN ERE WA NN ESE, HERSE
EETR,

MFiniA:

1. " Gusdoax adeuid o885=" 1FN"PEEEINE" (China Football Association)

Ug—Zh translation sample

ICNLP2026

2026/3/29

32



Open model (Qwen): MT

Original Input: QU s Lol 1SS Jorigy o) sf Slialadd ) 6 cusduedd Ghannd ccu ju Canaads s §y 484§ (Baiid & Jieds Malei i S84
(sl o fla 1S il 5 A o ) SanioAtin o Liliaiia Can 5 o liadds”

X E AR R T R, ORY, MR HR v v oa e

4789, ﬁﬁ]ﬁ'ﬁMﬂﬁﬂﬁﬁkﬁ‘, BE)IE(R R P, DN Coandd S 4BARs § e

X MaiR T
€) TEERDNEPHSERN, BRARDSRARSENS EIRRALARSEE HEURBDRBOTY,
BRRBIEEEZ ‘
marana. R
RIiZR2” M& “; RiZR” 58

WMEA R B TR ARE T REl iR
{EERFEG THREFEMLER LkiR?

BB REER T WL R?

Ug—Zh translation sample

' https://www.miradelian.com | ICNLP2026 2026/3/29 33



Original Input

https://www.miradeljan.com

Open model (Yuanbao): MT

UMyMJJJMd)u}J\JJyMM)}JL;uMQM‘%ﬁwﬁwﬂﬁuajwy@mujﬁﬂyyﬁp

T .
gmudjhﬁwm%umu}y\w-wajﬁh@huwycus.'L\.:_aL i
OIEIMAEEIRREAP ., FRIAHIA s p 488§ el b Auies Saledy S84

IR
= e 8o oanlilaalla Ol g L pu IS;L&:‘SJ-FE'-‘J}JM‘-I JF el e cou pu Celnadds

PR, FASTMALESERIE I,
L -_zr.iy 3!\_—‘.u.u 2y L_,.i_".l_'n'

ulad A ils S dlilay 8 ™
EEHNE R EISIESEERNITH

HETT ER R W R _E A EERAMAL

mEELIREN, 88
i FEPRAREIER
"), BREEHRMAMERIE;

PEERNE
(EZERER:
1 RS "Auiea dualain SSR"ER"PEERNE" (EHBRAFSR),
(MFFE"SFEEEERE")
" (RIEES)

2. FESUBE: "o st SuS BN B
3ATHARML: Al sy (HHE) . "Gullalls w5 (BISE) . "R ) iy IR SRS LA i B,
ERHE. SEES, BUNFEEEEIE;

4. BHEEM: FNW. TN HHERR, BEREESHOESG

5. ESER: {EE BRI AR suert S <" (ENIEH), RE

Ug—Zh translation sample

2E L ERR™ M IE.)

e 4
) @’

15 N
J \J

2026/3/29
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Open model (DeepSeek): MT

Original Input:  “Jef [ 3 E & 7950 M FR A7 B LU LR AR, 2208 AN Rk 3B KPR AR I LA B 7 R B 2 K J (R e, (HR IR — BLRUK
I RE AN 1955 01 AR SR A ARk . 7

"HEERERAEUSEERER | SFFAA. ?}i’é‘?ﬁqzﬁ‘fﬁf,ﬂﬂm.&@ﬁﬂ]
EFEGRFE, BER—BELRBIHFARMS NMeERGRIARR, “Xa)iEEIEM%E

EoWan B3
= /g,

JM..L.-II._'.-‘-‘_]_:‘L.'LT:'_?.J i) L‘.-‘-L-l _'_....Il_:_ﬂ-d..l QLM_‘"LU.. L.._‘,.Ll._aLu.. Ja‘-',-}_:;ll |_|'_:\.u'd..u_§'1.u.. '-?AJJUI._G _'}.J.L..L..'L.L\L‘_.E'I:IJdJ |_5_le ._g.LLELI _LC\:.L.-I Ok
‘__IJL_"_LJ -_'u_cu_:_;:- o |J9£4_w_9'_{|1j L.Id"h'l 2 [:_.._u,.JJ_u ;']_ML.H_J_;J Ol |J_I-‘J.3 L_.la._‘.:- ‘_‘_,HJJ_.-_ HPT JJ_AEL-;L,L_uL' IJI_-:_,LAJ}, Claaias

aalas,

(f: BEEREEENEME, REMSMERADRATTELRE, SEOEARTS, WEGE
EE BRI " Sulel 180" (BUIBR), "EFAEFEG"BIERN" 5L Jiad (6l gudsl.
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Zh —Ug translation sample
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Open model (Qwen): MT

Original Input:  “J8R [ 3 E 5 7950 B A7 B LU U, 20 AR IA . 208 KPR AR DL A BRI 7 I BR 498 JE e, (R R— BBk
IR AR 85 0T AR SR A AR . 7

"R B HESABMEM SRR, SFARA, HEFKFAFHRENOURETNEFZEHNME, BB —BMK
BFARAE N MEAERFORR, XOEMEREETE. GEEEN

S —— %4 i
ﬂg‘,']a-l’ng }Zﬁﬁﬂlz: e R P LT

g
| A 05 i o 4 45 s ol (I e 4y 2 sa ki 385 8 e Bu{Bistsa o il 2 5 e
oSl e s WSS (il s Hiia 3

\
IR R FTRIA S F

M E AR A B RIFPNERTT?

= E IR X IR HIRRE
XFIE)L

B e S RIEERNIS?

AR E L E RMARMS T RiBRIK?

Zh —Ug translation sample
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Open model (Yuanbao): MT

Original Input:  “J8R [ 3 E 5 7950 B A7 B LU U, 20 AR IA . 208 KPR AR DL A BRI 7 I BR 498 JE e, (R R— BBk
IR AR 85 0T AR SR A AR . 7

HFEAFRENURETHESRZGHFE, B

1. IR S 225 ik -

L RERTEE — ", 36 LSl (RESTEEN)

+ "HOHE(U S PEBMER" — "o i piade Lol 2 g (IDTE AR (RinaY)

Zh —Ug translation sample
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MT Performance Comparison

Ug—Zh translation sample

M >0 >Q>w> 8 >0

O>0>HK>%> >0
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Main Challenges

*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
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 LLM Everywhere

e Machine Translation with LLLMs
* Challenges of LLM-based MT on LRLs

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

Jo F @ ah 6 F80% ) F Ao FiiE
L bBEARIRIE, — I £
i KEFET £,

1Y IO Sufvteg (T f[_IN=<I=|
o WS NTFCE Gy G0 NN NG 21
BATBIAN OLe6 AT

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

- e m

Before fine-tuning

+ 65

Instruction (g Frozen Backbone
Dataset Fine-tuned LLM

(Same prompt
and input)

[%ﬁmﬂﬁmmwmmﬁﬁmmwwwﬁ

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

_
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>
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‘. After fine-tuning
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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 (vi), and Indonesian (1d).

Region Language Size AveragelLength
h k )
China zh—ug 5 98.93
_____________________________ zhour Sk 10636
h—f: S5k 102.74
Middle East Sl
e Zhhe ko 9.09 .
h S5k 104.03
South Asia Sl
- s, S ko 97.08 .
h S5k 97.04
Southeast Asia AV
zh—id 5k 97.27
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Constructing LRLs Instruction

* Experiment

* Main experiment
e 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.

 FLORES+ (8 languages): Achieved a SOTA macro-average of 61.78 (+5.57 over Direct
baseline) .

FLORES+ (zh—xx)
ug bo ur bn fa he vi id

Method

Direct 35.52  40.73 5294 55.53 64.25 5429 7430 72.11
COD 38.03 49.35 5348 60.75 60.70 60.76 72.62 77.10
MAPS 37.15 48.22 5528 63.21 66.15 63.06 7495 78.44

CompTrans 34.37 46.58 52.10 53.10 62.92 5851 73.59 77.17
Ours 49.66 45.84 S8.11 57.45 66.24 62.29 75.57 79.07
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Prior Knowledge and COT

e Motivation

How to translate the keywords?
What's the sentence's topic?
Any similar examples?

\
? L Translation
&’-‘ @@ﬂiﬁ%‘ﬁﬂﬁ%}ﬁl‘ﬂ%ﬁ v

f ARLEE R means
Source text Human “large language models (LLM)”.
Hallucination issue in LLM

Translation

( IE>C[ TR )j X

EEM L means
“Master of Laws (Legum Magister, LLM)”.

Machine

Figure 1: The difference between machine and human translation
in an English—Chinese example

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.
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Prior Knowledge and COT

e Dataset & Evaluation Metrics & Models

e 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

’ https://www.miradeljan.com | ICNLP2026
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Prior Knowledge and COT

* Experiment

* Main experiment
* Achieved superior performance in most directions, notably reaching 88.10 on en-fa and 88.24 on en-uz. The
model consistently outperforms 0-shot, MAPS and CompTra baselines across diverse language pairs.

* Demonstrated substantial improvements in challenging low-resource directions, such as en-lo and en-uz.
These results highlight strong cross-lingual transfer and generalization capabilities.

Method Middle East South Asia Southeast Asia Middle Asia

en-fa fa-en en-ur ur-en en-lo lo-en en-uz uz-en
. Madkd 8531 8778 7905 §705 8359 8780 NA_ NA

0-shot 86.43 87.82 80.97 86.98 78.15 85.83 84.55 86.10
MAPS 87.59 88.38 82.24 87.61 79.86 80.54 87.25 87.11
COD 85.63 87.69 80.93 86.96 78.01 85.67 85.20 85.88
CompTra 84.77 87.26 78.79 86.30 72.75 84.61 84.00 85.59
Ours 88.10 88.27 82.91 87.62 82.14 86.57 88.24 86.96

Table 2: Main results across multiple low-resource language pairs on FLORES-200 using
Qwen3-30B-A3B-Instruct-2507, evaluated with COMET.
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RAG and Retined COT

e Motivation

-

-

%

"We now have 4-month-old mice that are non-
dmbehc that used to be diabetic," he added.

«Lw wybkjugpkg, np tpwp hhdw niuku snpu wduwju
lylikip, npniip ny nhwplanhl thia b nhuplanhl Ehiv

|

<

Sample cases & }

->()

oo

error analysis

«Lw wybkjugpkg, np hhdw upwup niuku snpu

wduwljut dhubkp, npnbp bwjulhunidnhwplnhl
Eht, vwljuyt hhdw ny»

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.
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RAG and Retined COT

* Experiment

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

* The method consistently achieves the strongest or highly competitive performance on the multi-domain dataset FLORES-

200.
Method Armenian Azerbaijani Hebrew Lao
e XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT
0-shot 59.85 67.48 58.09 60.55 62.30 59.99 46.02 57.33
Vanilla RAG 64.25 70.19 61.49 62.06 65.71 62.17 52.86 65.23
COD 64.14 68.43 60.67 61.60 64.47 61.36 48.56 57.96
MAPS 67.88 72.08 64.41 64.53 69.03 64.45 52.92 63.77
TEaR 63.32 69.27 60.86 61.36 66.00 62.28 48.35 59.88
CompTra 55.37 58.29 59.86 61.29 65.26 62.01 48.95 52.27
OURS 68.32 71.80 65.44 64.68 71.45 65.83 54.01 64.44
Method Khmer Tamil Urdu Bengali
o XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT
0-shot 49.51 52.69 49.78 70.25 62.37 55.22 63.01 69.48
Vanilla RAG 55.40 58.19 51.94 72.32 64.22 55.88 66.08 71.43
COD 50.39 52.01 48.26 67.96 58.44 54.01 62.63 69.46
MAPS 55.59 57.39 53.43 72.87 67.03 56.80 68.19 72.30
TEaR 51.50 53.59 51.25 71.53 63.93 55.27 65.72 70.63
CompTra 48.47 43.73 43.05 55.45 59.87 54.61 52.95 58.87
OURS 56.99 58.14 53.74 73.76 67.75 56.95 68.36 72.39
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Word Disambiguation

e Motivation

s 2
- 2
@ S ¥ A S S \ ° -
4 SRR TSI L, B2 (FTATGR ATSI G5 (r0n| | Low-resource languages lack
L S RS P ‘ sufficient high-quality bilingual
————————————————————————————— N : ..
Sre lfAmbiguous word: STST | data, making traditional RAG
| . ' Documents: = : hard to apply
| [Botany: s sh de of 2 sh
| |leaf — the flat green part of a plant. P gg ¢/ she et; Olr(l:: St it(') a sheet :
A —— TR e J * LLMs are vulnerable to lexical
. b 7 . ambiguity in cross-domain
(ST ; translation, which may cause
8 E‘The leaves are falling from the tree, so flip through the leaves of the report.:;, semantic hallucinations.
— e (bl
gi The pages are falling from the tree, so flip through the pages of the report. E;-,- @ * Existing RAG systems rely on
o RAG only coarse sentence- or document-
T T T e T T e : level retrieval and cannot
8i._T_?fl‘?’i‘f’.‘?ii‘fifﬁl_l_‘?_gff?__m__t_lf‘f_t_f‘f?_’f’f’__f}fl_’_f?_r_??_“%ﬁE‘_ff_lff‘_gf_s’_f'_f_t_}f‘?f‘fﬁ‘_’f_t'}’ 8- precisely disambiguate high-risk
L Loy i i) ambiguous words.

N\ J
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Word Disambiguation

e Dataset

 We evaluate Domain-aware RAG on three benchmarks: X-Bench , WMT , and IWSLT. As shown in 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 ;322]3 QED Tanzil wikimedia  WikiMatrix  Europarl VNV:;IV:- TEP Size
hu v v v v v v 12K
ms v v v v v 11K
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
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Word Disambiguation

* Ablation study

e The Influence of Decision Agent.

*  We sample 500 instances per direction from X-Bench, WMT, and IWSLT and use ChatGPT-40 for
scoring.Qwen3-32B is the most consistent top performer and 1s adopted as the default decision agent.

95 X-Bench WMT IWSLT

Score (0-100)
wn (=)} o0
S O o
1 1 1

(8]
wn
1

]
=)
L

bn fa id ne hi ta uz fa vi

B Qwen3-32B W& DeepSeek-R1-32B WM Vicuna-7B WM Mistral-7B
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 LLM Everywhere

* Machine Translation with LLMs
* Challenges of LLM-based MT on LRLs
* Strategies for Text-only LLM-based MT

* Findings on Multi-modal LLM-based MT
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Findings on Multi-modal LLLM-based MT
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Multi-modal LLM-based MT --- Speech

&
= EEnE =
w0 Nt wh

o ' . . > » p— :

2 ¥ F. 383V - 2 728

- dee} 14 : by 1
0s 1 |5A 2 25

| am from China | am from China

| am from China ‘ ﬁ

| am from China

mm)p ASR m=) TTS

m=) ASR =) TTS

Speech Processing vs NLP From Continuous Signals to Discrete Tokens

Prof. Liu CCMT2023
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Multi-modal LLM-based MT --- Image

= Image Captioning There 1s a teacher teaching his
ﬁ ﬁ students in the classroom.

Model

S— 1 EINERZEBHUHNFE,

. |
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Multi-modal LLM-based MT --- Video

A man stands in a

. ) . — 1 BABEO
doorway using a ——3| Machine Translation —> ~ 3
pull up bar to do SR8 LB @) fi, x

pull ups. (pulling pub) (do pull)

Video-guided | | —THA#EINO v

Machine Translation (A 1T & @ &5,

(oull-up bar) (do upward
movement)

Prof. Wang CCMT2023
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Constructing Multi-modal Datasets

e Motivation

Traditional Pivot-based  Traditional pivot translation

accumulates errors and lacks visual

L * Pivot . Noisy & grounding, resulting in noisy and less
4 Translation ) Ungrounded
&P

i accurate translations.

Accumulation

SilkRoad-VL  We introduce visual information to

directly support translation,

\VI

& Visually
Grounded

VLM &
Visual-> Ensemble

Grounding

High-QuaIity] improving translation quality and

image-text consistency.
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Constructing Multi-modal Datasets

* Experiment

* Dataset statistics

Statistics of SilkRoad-VL Dataset

Language Total Short Count Short Length Long Count Long Length
Uyghur(ug) 8.7k 3.7k 15.7 5.0k 34.7
Kazakh(kk) 26.1k 13.0k 14.8 13.2k 31.6
Kyrgyz(ky) 23.2k 12.8k 15.4 10.3k 33
Tajik(tg) 2.4k 1.8k 17 0.6k 40
Uzbek(uz) 14.9k 8.2k 15.2 6.7k 33
Urdu(ur) 9.6k 5.1k 23.3 4.5k 56.6
Total / Avg. 84.9k 44.6k 16.9 40.3k 38.2
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Constructing Multi-modal Datasets

* Experiment

* Main experiment

Model kk ky tg ur ug uz
Comparison with strong Qwen3-VL 52.69 49.93 46.61 55.11 47.14 54.53
baselines on the SilkRoad Qwen2.5-VL 51.12 48.46 45.44 50.65 52.57 49.32
testset using the average of
COMET-Kiwi, BERTScore, ~LLaVA-v1.6 41.12 42.55 41.75 41.4 41.28 44.91
and CLIP. LLaVA-1.5 49.93 48.18 44.82 43.49 42.38 47.06
InternVL3 46.21 44.59 44.94 46.6 44.62 45.85
Ours 62.47 61.24 58.25 60.12 60.87 62.33
Model kk ky tg ur ug uz
Qwen3-VL 41.12 34.17 26.23 30.89 42.79 41.64
Comparison with stron Qwen2.5-VL 34.07 30.15 24.78 36.43 34.77 33.55
P e LLaVA-v1.6 22.92 23.88 24.48 23.38 23.43 28.3
baselines on the Multi30k
: LLaVA-1.5 32.87 29.25 26.57 25.67 25.98 29.13
testset using the average of
COMET-Kiwi and CLIP. InternVL3 29.16 27.23 24.36 30.81 28.49 28.38
Ours 50.36 49.35 40.2 48.41 48.98 49.06
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Vision Neighbor Memory

e Motivation

Query: This is a bat.

Ambiguous token: bat * Directly injecting visual information

into multimodal translation is often

Text-only neighbors

- ~ unstable and may introduce noise.
Template collapse:
same surface form, mismatched referent \ A wooden baseball .
——— ) % Daton the ground. * In low-resource settings, text-only
.INIS IS a bal. . . . . .
(animal - bat) A man holding a retrieval 1s weak at disambiguating
baseball bat. short or templated sentences.
ém:,'ébz t)bat- A baseball bat , ,
' leaning against the * Therefore, we proposes using Visual
F— | wall Neighbor Memory as auxiliary
.This is a bat. , o i ) ) )
(sports: bat) v iRusihint evidence for disambiguation rather
4 bat - baseball bat (sports equipment) . .. .
| ks / than letting vision dominate
x Incorrect: bat (animal) \/ Correct: baseball bat (sport) .
generation.
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Vision Neighbor Memory

* Experiment

* Main experiment

*  We conduct our main experiments on VG (zh—xx) with four low-resource target languages, where our
method improves the average score from 51.02 to 57.81 (+6.79 over Direct). On Multi30K, our method
further achieves the best overall average of 70.90, surpassing Direct by +1.34.

VG (en—xx) Multi30K(en—xx)

bn hi ha ma de fr cS

Direct 5779  61.73 3291 51.65 | 71.37 74.79  62.53

Method

COD 58.85 62.27 3491 5520 | 72.39 75.05 64.51
MAPS 5736 60.68 33.19 51.72 | 71.51 74.36 62.66

CompTrans 57.37 60.70 33.12 51.69 | 71.13 7430 62.54

Ours 63.36 63.81 44.32 59.75 | 72.18 75.93 64.60
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 LLM Everywhere

* Machine Translation with LLMs

* Challenges of LLM-based MT on LRLs

* Strategies for Text-only LLM-based MT

* Findings on Multi-modal LLM-based MT

 (Conclusion

| https://www.miradeljan.com ICNLP2026 2026/3/29 63



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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Contributors
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Thank You!
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Q&A

Any  Questions ?
|

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: [y 7
« H100 80G 50 R
* 5090 32G 10 s f .:.’ ::!:’=:‘
. o s s R ﬁ
409024610 ] R e

. 3090 16G 8 e
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