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The Three Paths to Achieving Al / I’NJ/IL”P\

Mountain Lab

LA T HBEN=FIRTE

LLM = i@&dEIBFS) + |ARB R + MALZIEFR

@ rzuEsss © = rmaz © ) s=wexnin
BT EIEIRED, ML ERESAKEEE REEA A BRIHLS, ETFHEERETIMALETRE BAIREIMNES L IHTE,
HITFFSE
@&
il o o p
-— —> > oo e | | e
Ml e
@
- FIAXKEBEHIENISGHIRE - AR ARSI S TIEVLE - FAEZFIRMIRA1L
- RIMPBEBHRIRCAIEE - {BEMET. RMNEEYRIE - BN, B|iE. ALREEES X
- BENBEFI)/IREFIFSIE - MIERISHNIREY, SCIMAEAETEE HMATE
B AEEREITH - BEFSHIEMNEFAIEICINEGE

L 2 J
s

LLM © MBUESRFS): RESSLEES
A O BARBR: EEBMEH S
B SIS, @ maZimin: WEEIRAIRS A
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Actually, the LLM 1s ....

RIUBE S (LLM) &3 T Transformer ZEMJFIRAY, Eil@d B IR BB BT KEAL
giﬂgg_ﬁﬁﬂiiiﬁﬁrﬁﬁll%o X SR A TSR B A S B O RBCAS, IEH TSR
RS2

[ Context-aware generatioa

Dialogue

S
=0

Article )

" (oempo@s -
\

\
————— Context flows through the model

S e em mm em em em e mn em em em em e Ep wn e wn En e en em e Gm @ mn @ s e» s e

Large-scale Pre-trained Language Model

____________________________________________
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N-gram LM = [LILM

Language Models

Input layer Hidden layer Output layer

this,

N = 1 : Thisiisalsentence woans.

sentence

this is,

2 :|This|is|a|sentence bigrams: 2

a sentence

N

this is a,

3 :[This|is alsentence) rigrams: - grence

N

N-gram LM

Transformer

LLM

o o# 4N ]

R RS E MR S S RSB — KR ST MNLP2026 2026/9/12 6
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FOHEERAEIE
(1980s-1990s)

FREFEFRIEIR
(2000s)

N-gram LM = [LILM

Transformer Bt
(2017)

TSRS S s3I L
(2018-2019)

Al

™

Mountain Lab

KiIESEETEIC

(2020-==)

N-gram LM NNLM Word2Vec RNN LM Transformer PLM (BERT) LLM
=3
e il Sl A O & &
: Sy P9 ZEE3 - | 8%
@
- &S & - C - 2 2
EFiFsy/EEsIEmatit, B mEsTE33iEsNss#H FEI)ENEEE R ISIE., FI R RESFRILEERIE BFEEE LS, =i Il ETRmiEs BXImmew. SsEmE
BRAESERAMT—3 TS, MBI IERAS EAECLHEEEEEIE FIizaEE, Migsiny RNN BYBR®I, =ZISFHTT #iEEX, EFig2HA T RIS, ASEI|Ae9:ER
RIS EFXES TEEIEEATE IS =SIESREESH HERS A pREES

Jelinek et al.,, 1990
Self-Organized Language
Modeling for Speech

Bengio et al., 2003
A Neural Probabilistic
Language Model

Mikolov et al., 2013
Efficient Estimation of
Word Representations in

Mikolov et al.,, 2010
Recurrent Neural Network
Based Language Model

Vaswani et al.,, 2017
Attention Is All You Need

Deviin et al., 2018
BERT: Pre-training of Deep
Bidirectional Transformers

GPT-3 (Brown et al., 2020)
Language Models are
Few-Shot Learners

ChatGPT (Ouyang et al., 2022)
Training language modeils

Recognition Vector Space for Language Understanding to follow instructions
with human feedback

GPT-4 (OpenAl, 2023)

GPT-4 Technical Report

O O -O— O O O O >
1980s—-1990s 2003 2013 20170 2017 2018 2020-E==
)
O < <32 >3- =7
> = > > > > =
BEBgtit SHINETS FruEs SEFEIILEY ERZEESD EAEEEE
HEERISEEEAAT FFEFBIBIEIES 2IPE I FTFSZ FIFTiE, KEFTAEA HEEIESGERR Zpk. HEZE. IESHF
ZFPBES
R RS E MR S S RSB — KR ST MNLP2026 2026/9/12 7



The Evolutionary of LLM

[Closed-Source) a :
| = \ChinchilldO
G = .
tch «
2021 .
— e

063 DOBOMEH

AN

Mountain Lab

.

(Yang et al., 2023)

FIE A2 HIR 22 SR RSB — KRBT T | MNLP2026

2026/9/12 8



The Evolutionary of LLM /4 I’NJ/L”P\

Mountain Lab

Basic Fact - foundational models are rapidly evolving

A growing number of instruction-tuned models have emerged

Instruction data Parameter-Efficient
Fine-tuning Fine-tuning ™™
LLAMA 7B Feb 2023 S f d = < nomic-ai/gptdall s gs::h‘—vesearch/
138/338/658)| i e
Nov 2022 - . e

with-
GPT 4 GPT 4 LI.M BlinkDL/
ChatRWKV

O
v Open ASSISIam m Koala A Dialogue
ShareGPT S "e's‘a' ""‘ i - Vicuna-138 Model for Academic
= ) & 1\ _ = —— — )
High Quality Multi-Modal  Tool & Plug-in Human Feedback
Instruction data Fine-tuning Learning Reinforcement Learning

(Ding et al., CCL2023)

R RS E MR S S RSB — KR ST MNLP2026 | 2026/9/12 9
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The 4 Core Capabilities of LLMs

e R

Instruction Following

gL
| Language Understanding

HEREZRESNEX. RENLTXXEX B BRAFRBERPES, THIERES
v U
V -_—
v—| 2 BPRE (REE)
b e a0 o ; S wan i g 8N S aa 15 4o e
4S5 S o8 a3 Uity s S a8yl s ailasl S S £
STAHE (Urdu) L'.: CJ g c; Iy it s il a5 By sd lal i3S gde 58 LS 3L ET o
S b Gl S e a2l 5 S ol 9 WESH (Enoich)
> ER BHBLE, ARETRHMTESR. | went to the market today because | had to buy
some groceries.
Cia by MUSEON  Ertangi yigiilishda ishtirok etgan barcha 2 BPEY (SEH®E)
odamlarga rahmat. Iltimos, kelgusi hafta Quyidagi jumlani xitoy tiliga tarjima qiling:

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

> 2R BHBSE, FERTAREES. b @R (¢
SRETHH, RARREX—LRM.

uchun tayyorgarlik ko'ring.

SRR 2L LR 22 S RS [ KR T | MNLP2026 | 2026/9/12 10



The 4 Core Capabilities of LLMs / N/IL”P\

Mountain Lab

HEIREET)

ETFXFY

In-context Laarrning Reasoning
‘O' ’ I BROIFESIFES, AEERBZHED HATZMAER, ERDHERE)ERR
L/ R (S/REBE - X\ 0N T Pl (S/RASE)
et JUs 1@ .o ko 48 s Jie = | am going home. AV o2 9 s 2 68 Chan 3 il o3 05l o o 3 Sy S add ol S
Jis2 2 .o w3 eSesss = Sheis reading a book. RS I 20 a8 538 58 8l 3 2.8 Gy AU s IS Gl S Bl e
JUs 3.2: .2 LS siuw S et - We have to travel tomorrow. Lok 3 3okl (Urdu)
...... 10w s 3 i Ll by Syl il
ULEETE Tl > LS SOk dle o Cugs sl 0y 2. a3 e 2 95 g bl s il 2,
. 3 Heua=3-2=1
Ll LEETEDN > He went to the park to meet his friend. 8 i Mo 1ok S ol @l
- Bl (SSERI%iE)
R (BEBIRE - P EF) Agar bir kitobning narxi 15,000 so'm bo'lsa va men 3 ta kitob
1. Men ovgat yedim. - RIETIR. olsam, 20,000 so'm pul bilan yetarli bo'ladimi? Qadam-bagadam
2. U maktabga bordi. - HEERT. yeching.
3. Biz film ko'rdik. - BROETE. (Uzbek)
,,,,,, 1. Bitta kitob narxi = 15,000 so'm
(D ACETTT N > U do'kon bilan suhbatlashdi. 2-<ita IR0 Tapd =31 5,900 2 =45,909i50m
3. Mening pulim = 20,000 so'm
4. 20,000 < 45,000, shuning uchun yetarli emas.
BEWE (FX) - RHEERTX. Javob: Yo'q, yetarli bo'lmaydi.

SRR 2L LR 22 S RS [ KR T | MNLP2026 | 2026/9/12 11



LLM Capabilities Across Different Training Stages / N/L”P\

T NN A Nk
A AR TD HToken ; TIA2TESS4IR ; B4 EESIESHE BT HBNZRTH

__________________________________________________________________________

- [O :‘élj u*ﬁ FFi] % N 'zéf ” EI/ Goken/ pre-traitD (Base Modej G\struct/ Chat) M

DEE

°

~ ‘f i."_.: 2, = f'jﬁ::: I ®
. B&>

« FRyllZ

- Fl

JEE B ES

m ,mammns - ’:
" Q <N

¢ B R R AT

FEAMMH"; EEE L e

N v —————

N ———— \________—

F % : Tokenizer REBREFH 4, MGFRERBMET 2 - BlgGAEENOO]Z

SRR 2L LR 22 S RS [ KR T | MNLP2026 | 2026/9/12 12
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Tokenizer: Converting Natural Language into Discrete Tokens

BREAFEATSIHNZHSEE  MEAREUERPEIBRN—AFE - F155%Token
geEn [N #3Ew LW REER
01 MBIESTHS

A

G—RBENZER - BEES NS I ASSHRIYGE R K,

02 BPEE{Unigrami)llZx

REEGEHEMRERIERERNLFEES - EAEBEERSIDERST,

(eos>)>(7n88) (= T] (x#2)> [ww]-»[«osﬁ 03 EERIGIIT
L D D r B

{01} {2356} W (e () (102} ; REERE  SERSREEE ; TSR NAERE—

Tokenizer,

___________________________________________

Tokenizer MEFIIKESEIN AR  TISTBRSIENITES - EEFAESEZIBMMSKBEE

SRR 2L LR 22 S RS [ KR T | MNLP2026 | 2026/9/12 13




Pre-training: Autoregressive Next-Token Prediction | N/L”P\

Mountain Lab

—

BPXEER— BRI EERFES — % Token & 5]

YAy xe, RIS ST SE ST —Noken xo MBS - FRARIE RELEEZLN
E’J%ﬁ'ﬂ”lae%?ﬁﬁﬁ?)ﬁﬁ&ﬂkﬁmsso

,',’—--------------------------------------------------------\<-“ --- > ------------------- \ \‘
: & , B S e =

Felh 5 /ME 38 R
:ansq[m)[@)(m)(ﬂ] { : %l[ el X
R S O

e ) (@B, () —
~—--——‘————ﬂl ------------ N 4 i y . Base Model
d —>[Cross -entropy |OSSJ< """"""" : ,: %Z;’:';E * /Z\%Di/D\

BRENRE  IEMBNEEERA - 1215 ;| AEEXXRE LI UEEEZ{ERAFESES
CHRIE AR MLRL 2 5 RS R _ KR EE T | MNLP2026 | 2026/9/12 14




Continued Pre-training: Enhancing Domain && Language-Specific //}E)\

2 [
Capabilities S

; 1 FiBase Model E XS FERESZE B R - ol« 7RI - 1B
B4 (CPT) %ET??%MG K EFRIES B A - TR - )

____________________________________________________________

: [ REHEH |
REERRE - RlTIGEES | oK

a4 —TokenFUN ; JES I ~ 2B « 055
B 1S - {£Base Model[R] B 7REE IR S 111,

BiEER R ED3%iE IS

RESEEA  EESIR Esimie
REERAER  EHoken$t  BNERES

SRR 2L LR 22 S RS [ KR T | MNLP2026 | 2026/9/12 15



SFT: Learning Instructions, Dialogues, and Desired Responses ﬁff)\

Mountain Lab

WIZREZTVIE N —Token¥N - (BEHELA“RIUIRRN—AF BT —BIFEIE", LossiBE RITE BN
EX=12)

__________________________________________

s srr-ssnid ) (D~ R - I

01 K5 Hik

AIHE - ERHBRZSROEMEE ; BEOE -
15 - #IE - TEMZIT1E,
02 X 1EFHFitHLoss

ERZi—Chat Template, BHEEZESystemGUserifsr, R
B Assistant B 1R[0] 25,

03 JlIZ&5(a]lY

SR (FFT) RS 805 200 (PEFT) , b WiPrefix tuning,
LoRAZE

||

SFT fefit M1z BEFOIZ"MIEFSRE, BREWESSE @ RARSFIZSANoTEZ ZERLS

SRR 2L LR 22 S RS [ KR T | MNLP2026 | 2026/9/12 16
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Post-training: From Next-Token Prediction to Helpful AI Assistance

FRUIZRE R THINSGRRERL, R AR AR sl o ST S BRI R R iR 15 <, JFAERAT& A2
Tl BN, RIS Eag HERR RE

SFT?'Q%#HUH RIFXI5% HEE1L

St m) imgirgz O M) SRERSKHIT
X 1E ‘%Tﬁéfwb,e DPOESRLHF RLVR / GRPO
"""""""""""""""""""""" Zé;;;;«;;é;;'é}:"""""""“

Jijalo[am
E At :: o \ |
\ é’?«}—) T O\, )’e —

[ 0 Q
. .
A o BH %

Bill&GEEIBNR . AZTEIZE D% - itEhEE BEWBZENRIZTES S HIETIER
SRR 2L LR 22 S RS [ KR T | MNLP2026 | 2026/9/12 17
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RL: Enhancing Reasoning and Preference Alignment after SFT

Mountain Lab

R A IE L 7] B UE S il B AR O 2 SR AR e T, RREETE e o B 18] 2R AR RO R
& R A& ) =T \ EREH \
\\\\\ SMMIGE T ~ 22 FHEE sy & 3 o 5] 4% gy
PR B NI [B] — O @SR AF — Bk N P e Y SESEIREYE ] RS
% MR *FEE;’EEEQ%;E > tgf%ﬁé%%—'?wﬂfﬁ%ﬁﬁ > I R BT R
TEIT o ) )

fEE R 1

. KRG, BEE5E RS RE
HAIPLEZR:. RLVR
WHHEE: GRPO. PPO%E:

AT AR5
FHME. B48EE. ZaetS5E% R

WAIPRZE: RLHF. RLAIF
WHRAE: PPOFRILEIEYE, HDPOFE BIMIT

(R RPS

st B TR R R R R ), B R R E RS R et

CHRIE AR MLRL 2 5 RS R _ KR EE T | MNLP2026 |
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RL for MT: Learning Translation Reasoning through Relative

o\
- - "NILP
Advantage Optimization T

ExTrans 4% DeepSeek-R1 FIEAF ARG - 7+ H DeepSeek-v3 LEAR KIS FE X SRAIIESL - ERRLE )

4 I 4 N\ 4 N\
1 EE R AE U E —— « Ei'i 3/ o ‘
1EEFE B S8 i R« fR] @i EE B SR ) a SR ) a SRPOE L
%ﬁm%i%iﬁta:%ﬁui%jﬁﬁy %?%E%é’%}ﬁ], DeepSeek-R1 ExTrans po“cy DeepSeek—v3
Kb as e EmtE. B4id =S H Rexemplar B+ EbERE
CometKiwi 9338, L translation )L ) \ﬂﬁ%ﬁ‘gﬂﬁﬁ;‘zﬁiﬂ )

_( DeepSeek-R1 “!:ranslate :
-L (exemplar model Exemplar translations —
lﬂ\ o [ @’ DeepSeek-v3 ]

source sentences
(training data) ( ExTrans translate

|

) ) ' Policy > Examplar @ ;

. Policy translations ! !
(policy model) /3% |
1

|

1

~ . Policy = Examplar @ :
@ Reward Signals :
1

e
Policy < Examplar = ¢ |

Wang, J et al. ExTrans: Multilingual Deep Reasoning Translation via Exemplar-Enhanced Reinforcement Learning. NAACL2025
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@ HX 4z, English

Xjug1.0-DL .
jugt.o-oL @ < CYWS I g

T YOS %

Sanie Sy B

01:30 07/26
A

lountain Lal
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MT Task

@ xugo-L v ® WX aiup  Engish

PERRARHIRBAZLSFER, TUNERS, NERA, EARENRRRNEE R, @
NRLERHFHRTRENZARN TR, |\n\n XeEREREERIE,

G > W

N e G o B G Gy oS et (R A ¢ A ) AR ¢ iy e S el
(0l o (B8 Rl o 5 oy e ¢ (903 iyl 0 Ll Va1 )8 3 g8 (53 ) 558 o i ¢ oSS () 55 Qo s
L 52580 i il 4aada oty s 3050 815 Uy 44 10

2
I
bey
4l
=
i
=
o
i
dr
KF
>+
1l
S
I
a
i
=
(B
&
H

MNLP2026 2026/9/12 22
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L0 5El EE s ATada ey b 0 5808 Jy 4245 10

& = B L G W

S A Task S ¢ L 515,58 Gully QS mnaionnas (3333838 O ¢ GREIU (i Sl ¢ GRadaingds e ol S el @
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Multi-task Instruction Tuning: Enhancing LLM Capabilities for »fp\

NLP
Low-Resource Languages NG 146

1705+
SESH
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|
|
|
|
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|
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4 AN

; |

SET \Multl hopQAJ |
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|

|

|

|

|

|

105+ QA

SG-RIT
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Hunyuan- MT

MT
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Evaluation Results

AN

Mountain Lab

Plas B
- 3 > %ETE
BLEU ChrF++ | COMET | XCOMET BLEURT
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

HE. ZBhRE. aaSHERRA]. RRRE

5%
Multi-hop QA
i Qwen3-32B 23.65 3.98 4.00 5.78
< Ours 62.43 73.20 87.31 42.64
iy Qwen3-32B 10.91 2.15 6.80 10.47
Ours 51.12 68.08 64.11 21.13
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MT with LLM

Machine Translation with LLM

=T
* General Model v.s. Specific Task (Translation) / Translate into English: N\
+ Specifying model behavior through instruction. Chinese: {FEXIZITA47?
* In-context Lea rning (ICL) English: What do you like to eat?

Chinese: FEIZEAFIME

2\ =TPAN ufnglish: /

e ] [;;n;:;;;;;gnsm } s
=N
" [ I like to eat spaghetti ]
. _ s
[ i) ] [ I like to eat spaghetti }
In-context Learning
Seq2Seq Instruction

A small number of examples were

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

through instruction learning. Prof. Huang CCL 2023
SRR 2L LR 22 S RS [ KR T | MNLP2026 | 2026/9/12 26




Paradigm Shift in Machine Translation: From NMT to LLM-era

Characteristics
* Relies on large-scale parallel data
* Task-specific training
» Limited generalization to unseen

languages / domains
= Each direction requires
separate training
Translation Output
(¥)
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

NMT Model Infer Translation Output
(Encoder-Decoder) (¥)
,.—"'k e ——— \»,
!’\‘7 - e
Massive Pre-train ‘ General LLM
Monolingual T (Massive Language Model)
Data -
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

AN

Mountain Lab

IR k2R 22 SRR R _ KR B ST

MNLP2026

2026/9/12
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LILM-based MT v.s. NMT

-]
]
e
£
]
4=d
=
3
(°]
=

« LLMs still lag behind strong supervised baselines: ChatGPT (16.67%) v.s. NLLB

(83.33%)
* Low-resource languages: far behind Google Translate (commerc

I system)

14

X-=>Eng

s ChatGPT

. NLLB
mmm Google

Eng-=>X

s ChatGPT

—Google
Prof. Huang CCL 2023

70
60
50
30
20
10

[0}

<
n3ana

Zhu W, et al. Multilingual Machine Translation with Large Language Models: Empirical Results and Analysis, arXiv:2304.04675
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Pros of LIL.M-based MT

)
& NLP\

Mountain Lab

&

o EIBHMEEE S Context
o SETTEN PRI PR AN A T
- ZHEAMFEIIEE
EE DA 1 A R P M i L % = R
. %%%ﬁ¢ﬂﬁ
o« HEMSENIFIE L7
. iﬁé&?‘ 2%
o FERICASAIE 8 SO A PR EF —EU I AE

+! GPT-4

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

D iﬁﬂ:l 'fiiﬁ the river bank to celebrate her promotion. "Break a leg with
k H H your presentation,” he said.

L/l

g R
. LESTHES EFEE, BRI SRt ISmI=0E, L

PRAbRIE T, "l REYEH—IIIF)," fthik.

o BRI T 2 RE 3

Prof. Liu CCMT 2023
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Pros of LIL.M-based MT

Interactive Translation

m Please translate it into English:
AEESRACRILBEERPEFFIFINBR T, seESTEXR
IEsISFRALE. Hrd—2 RN PEFRFIRNE,

BAiDllgs 7 — 128540012238 EFRAGH TransformensSH&E

B ARz APathwaysiB S &Ry,

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."

AN

Mountain Lab

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

CHRIE AR MLRL 2 5 RS R _ KR EE T | MNLP2026
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Pros of LLM-based MT 2N

Mountain Lab

Document-Level Translation

B Translate this document from English to Chinese:

. BBE— R B ENSUVET S EHIEH. ZATREETER,

Udi|is an automaker that makes quury cars TH magﬁﬁ.gm August Horch) F191056I37, EFIAI
and SUVs The com

e - BN R—RAE, EERBEIZNE, R E ML,
N twas estabhshed by| August Horch
11940:[775C11] had previosly founded another F1914%F, ERIFEFRSINLLEIRE,
coni‘p’anya ] models were quite o . Ly A
popular. Audi |started with four cylinder RS ERT1920FFARELE, BESENDNFTIRKES
| models. By T944 =)' P
e racmg y and winning AT,
[ Augus! Horch |left [the Audi company] in e ‘bt B e A = e s
1920 to take a position as an industry B, BEEAREANFAE, £FFRESHATSE.
| representative for the | orman =
| vehicle indust federation’
Currently Audi Jis-a-subsidiary of the
Wang et al. Document-Level Machine Translation with Large Language Models. EMNLP 2023. Prof. Liu CCMT 2023
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Mountain Lab

Cons of LLLM-based MT

1. Domain Adaptation

 Limited domain knowledge transfer
* Catastrophic forgetting
2. Low-Resource Languages
 Limited performance on rare language pairs
* Insufficient linguistic resources
3. Evaluation

* Traditional metrics cannot fully measure translation quality

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

R RS E MR S S RSB — KR ST MNLP2026 2026/9/12 32



Challenges of LLM-based MT on LRLs /N/L”P\

Mountain Lab

. . - . “ 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

W EE 2 LR 22 S R 22 B — KR BT A3 vT




Challenges of LLM-based MT on LRLs /N/L”P\

Mountain Lab

. . - . “ 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

IFRY, BAIGTMNRERE 8, XA IEIRAERIER P,
Sy i d Raild by ot uglsily S83a" | RIAHA
Jasy 1095 Sialads 95 gt (el i yps Sasaddl
I3aimaiiy o5 piubiliyly cAnnF (e halilindly oliags Gl Spau
" et Iyl S AR5 b i

F "

P BN X AHERIENENENT

PEENSEEMLREG, BZLERBMRAMRENSE L ERMUARHTSHE. HEHEE
o HKF

I EPREE Sk

Ug—Zh translation sample

W EE 2 LR 22 S R 22 B — KR BT A3 vT




Challenges of LLM-based MT on LRLs

Original Input:
bt @l 1€ il 5o RS G 58 | Aty 0§ Gl ls G 5 o alialls”

1FR9, EAFGMULBENRFE, XOIEREENEMDI, FIAE " siutea Saleip S84
Ol o Ly _;..'.L J'|I'_=- Ly ..: en] "' la 5 48 Sliiilad FY Y] PR TR [P S g Cgsak Al 1" - 4844, & ‘_'" 2 "::'i w

LR & . = Fai - = PR E I M < Haie K - - Fai f &
Lo o pla g ‘J.-.'l-'l-'l.-'.-l.-'l.-'l.-l PripE ey [ Fu—4 g l_,.ﬂ..l.n,!...l.'..:n rhad 4 I_’..'l....lo-lL'l.-l-.I.-u.'—'t "

FEEXDEMILABHEEEM, BINERE

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

Ug—Zh translation sample

B R LR 2 S R R — KR T ST

ol s ol HlSadS Jatig 1o 5 Sliddadh )¢ i (Al (o Capaadd S 3 4848 § LBadid § cieds Dalei h SSa

20

Mountain Lab

MNLP2026
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Challenges of LLM-based MT on LRLs / N/IL”P\

Mountain Lab

Original Input:  “ obia s Lo S Jonigy 10 )58 Slidadds )51 oaudadd el (o yn Canadds M 4 4848 § il § Jludeds Dlalsify S8 4a
sulindd G sla oS Saliln 5o i O B 93 ) Saaiating 0§ AlGala G §5 (Al

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
\ X MAAMIRFE T

X ERERERP G R

"of AR K 0 O, it QD A X R AL T S8
A "

XA FRIR T P E R R P E R R ER TAERE B S8 5 e A TG ™ RS

B &  Retry v

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

SBRRIRIEE R

Ug—Zh translation sample
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Challenges of LLM-based MT on LRLs /N/L”P\

Mountain Lab

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

"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

W EE 2 LR 22 S R 22 B — KR BT A3 vT




Challenges of LLM-based MT on LRLs

Original Input:
ek — LRI REAMR B ZS J0 10 1A 43 58 AF U AR K

"Bk E R EREIHB B LSRG, SR

HEERENLEETHEFZSMHE E2B—ELCEER
AMREZ D MRAFEEIFRRE. Eﬂlﬁﬁ%wﬁﬁiﬁﬁﬂﬁiﬁj

HER TR IEREERIE. XTUESR—EEENESE EHRNTEEAE

it
L3t

P DU B ANER S IRIEHIE

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

Mountain Lab

“HOKR H P e 0 O IRAL E LU R 22 5F AN A BB AT SRR P K BT B 24 3 S R 58, 2

B R LR 2 S R R — KR T ST MNLP2026 |

2026/9/12
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Challenges of LLM-based MT on LRLs / I'NJ/L”P

Mountain Lab

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,

0§ wamgauw waylile (linalid Laiddoyai (goluniid (Bl 83485 s Elbuuléds Suauyaé Hai EligSSs=)ae

318 ddinods (o S (@S uadlainis plides FUB uwaslw caylud of LEVIE> s20am «o§5 a
.rau" d Ei-g_?;..]ﬂj dﬂjs_}i e i )..U ‘-S.-.- as

Zh —Ug translation sample
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Challenges of LLM-based MT on LRLs / N/IL”P\

Mountain Lab

Original Input:  “ 3K B 3 FE 5 04 BAL & LR . 25F A RIE . #E ACPRSEAFRIREI BL K& By MR 2275 Ja 1 BraE, (B
e ELPORIE SR AR S5 i AL 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
AR T RSO B IR T N B A T6 R AT B A AR IR B SR SR AR
1B

BN R

Zh —Ug translation sample
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@-0-0

Zh —Ug translation sample

Ug—Zh translation sample
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Challenges of LLM-based MT on LRLs / I'NJ/L”P

Mountain Lab

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

GFR9, FEAFTMAERENE S, XOEMREEIEAPI, FIRBIN 7 adouis o555

Jsig 19)95 Elundmds -.q.,d_.u_u....\éu 1 Ddamond) SduwSs aladog| doaid b

Godadilin i il Dadgd 3ed-Riy 0 Lidilals Oaemid sl olimgs Lol Sowas
Saubwds Wglss.”

XENENPICENEN T

"NEEERNENLEGSEEN, BINENRSE SN EEMENER EREWATHM ESE. HEREE
FEiTH, "

BBz

‘l . ISLL&L.‘L{IL

L

Ug—Zh translation sample
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Challenges of LLM-based MT on LRLs / N/IL”P\

Mountain Lab

Original Input:  “ obia s Lo S Jonigy 10 )58 Slidadds )51 oaudadd el (o yn Canadds M 4 4848 § il § Jludeds Dlalsify S8 4a
sulindd G sla oS Saliln 5o i O B 93 ) Saaiating 0§ AlGala G §5 (Al

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

4789, ﬁﬂ]ﬁMﬂﬁﬂEﬁﬂﬁ‘, BE)IE(R R P, TN 27 sl S gy 4Bl § et

X MEiR T
© vaewsEhtannn. ananmRERRER IRRAARSTREE HBURAABNGS.
SREEEEER ‘
marana. R
R P %R’ 58

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

BB REER T WL R?

Ug—Zh translation sample
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Challenges of LLM-based MT on LRLs

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

“ Ly .
gmudjhﬁwm%umu}y\w-wajﬁh@huwycus.'L\.:_aL i
OIEIMAEEIRREAP ., FRIAHIA s p 488§ el b Auies Saledy S84

Original Input
| LR O IS -
S g T
LU FLEETINES JbAuluﬁ;-lﬁg;mdﬂ Ui g a9 dhilady 54 B e

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)

IFARA AR WA G IEA,

2. FESUBE: "o st SuS BN B
3ATHARML: Al sy (HHE) . "Gullalls w5 (BISE) . "R ) iy
EHHE, MBS, BIIREEEENE;
RNR, B EEESHI
' (ENIEW), RE

4. ZMEL: FIN"H...A91T 70 IR

5. 8SE: {ER"EIER "IN/ "salas dila S
Ug—Zh translation sample
MNLP2026 2026/9/12 44
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Challenges of LLM-based MT on LRLs / I'NJ/L”P

Mountain Lab

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

"R ERESTER R E AR | BFFRE, BEKTAEARENUREFT
R R ORTE, (B R —BDORE R RS MM ERF0RRE, SXaEEhEme
A,
o)
JM..L]'._'.-;-_]_:;;.LT:-B.J i) L‘.:-LI .,__....”_:';I-LU L_,..M_ﬂLu. \F._;.LULu.. da‘g_:_u ._;:_.md.._pé-ﬂ.;u '-?AJJLJI._G M‘L:_L\ﬁj‘l:l']dj ._SJILM _g.a.l_tl_l _;_Cu_.l Oka

‘_.'_"AL."_LJ -_'u_cu_:_;:- " lJ:}i..L;u_:}:{_Jﬂ d-i'l_J_.L_l _BJJ_. L‘T—‘r_u.nJJ_.LJ é_&ﬂl_.u_J_;_I LAY |J_I-‘J.3 L_.ld.:.h \_,J.JJJ_"_ Glaj J.J..LEL‘.:-L.L_L._U .JL':_.L.JJ_::;J claajad

aalas,

(F: EhFEfRiEFEENEM E, REESMEREIMAT FESEE, F130E8AME. "WEUR

R RN " sl 180" (BIMK), "EFAIESEE"EIEN" et Jina 26l slbl
Olinalyy Wowias Muilsysison” (EFEME. ERISHAR), "MEEIFIRIEN " wop cbllslunsSlas

=

UL (HRREFRE))

Zh —Ug translation sample

CHRIE AR MLRL 2 5 RS R _ KR EE T | MNLP2026 | 2026/9/12 45



Challenges of LLM-based MT on LRLs / N/IL”P\

Mountain Lab

Original Input: “%hil%Q&Im@*ﬁi@fiﬂﬁtbiﬁﬁﬁ# ZPFARIE . BE AT ARG A B B2 77 R 247 SR KRl (HA2 3 — E LK
IR AR 85 0T A SR AF I R .

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

TERIR, BT m’ﬁ’ﬂ- /%mﬂumﬂ

[Qﬁeiwﬂa—iﬁ*ﬁﬁﬂ@ﬁh}" Lu.-n e ol e 5 dlia

J‘U-‘-j 1

U o= 355 g3 § 55,

\ r B O &~ O
G ERBXEFE
WA E B R AT RIERNERTDTF? I-EE El*]iES{iEl% gﬁ'ﬁé}ﬁﬁ
1XFia )L

B e S RIEERNIS?

AR E L E RMARMS T RiBRIK?

Zh —Ug translation sample
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Challenges of LLM-based MT on LRLs / ﬁﬁp\

Mountain Lab

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

BB REEASIMIEECBIRE. £ A, HEKFENFHRER AR ETHIEZEGFE, EE23H—
BIRAEZRA WSS N meERTFORE, IEEIERAEE A,

(EZ58R:

1. IR S 225 ik -

. ||ﬁz%ﬁﬁﬂn — “_‘;:-—-J‘u'- -_Ir'- -_- T PP

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

Zh —Ug translation sample
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Mountain Lab

MT Performance Comparison

Ug—Zh translation sample

H>0) > >v%> 8>

O>0>HK>%> >0
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Mountain Lab

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

R RS E MR S S RSB — KR ST MNLP2026 2026/9/12 49
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o« KiE S R IEIAR TR B RTE 5 A2

« MEKITIRIBT M RKIBETEAEMEIFRE
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Strategies for Text-only LLM-based MT
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Mountain Lab

Constructing LRLs Instruction -

5 IR, —AIF I F

Je T @6 8 F 80% H FAo a5
KT £

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

1Y IO Sufvteg (T f[_IN=<I=|

- e m

| %I@ﬁﬁ %W i.l PG SR MG 12 quality instruction datasets

] Before fine-tuning % . |

| & & . Proposed Solution: Refined Instruction

! LoRA T I . . .

| b % B LI (V) . Tuning — an automated pipeline for

) . F Backb ! : . . : :

i T f Frozen Bac e . high-quality Chinese—X instruction

o DI e JedlM\ . corpora

: and input) ]

i BT STEIAMNLICNS AFSTIAN =g, |

i RN S N9 =G :

: ABICSE 94 (V0 SMG HIAE STy (@)

I I

After fine-tuning y
“““““““““““““““““““““““““““ COLING2027 under review
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Mountain Lab

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 08.93
_____________________________ zhour Sk 10636
_ zh—fa 5k 102.74
Middle East
e Zhhe koo 99.09 ..
h 5k 104.03
South Asia A
- sia.. S ko 97.08 ..
h 5k 97.04
Southeast Asia z _)Yl
zh—1id 5k 97.27 COLING2027 under review
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Constructing LRLSs Instruction /,'N/@\

Mountain Lab

* 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.

FLORES+ (zh — xx)
Method 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 72.11 55.53 5299 35.52 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 48.22|60.81
CompTrans (Zebaze et al., 2025) | 62.92 58.51 73.59 77.17 53.10 52.10 3437 46.58 |57.29
TEaR (Feng et al., 2025) 65.82 6337 75.07 7854 6526 55.80 38.65 45.40|61.00
Ours 66297 6229 75.57" 79.07" 57.45 58.117 49.66" 45.84 | 61.79

Table 2: Comparison results on the FLORES+ benchmark (zh — 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. ‘1’ indicates that our method achieves statistically significant improvements over the
SOTA baseline across all individual metrics with p < 0.01.

COLING2027 under review
SRR 2L LR 22 S RS [ KR T | MNLP2026 | 2026/9/12 54




Constructing LRLSs Instruction /gﬁp\

Mountain Lab

e Human EValuatiOIl Lan. Eval. Fluen. Adeq. Faith.
o Eg, 4.96 4.87 4.87
* Adequacy E3, 430 447 456
E} 4.97 4.95 4.99
u ug
* Fluency : E2, 499 498 489
. bo E! 3.77 3.69 3.68
* Faithfulness i Bl 453 a0l 404
e 1-5 bn E;, 4.90 4.87 4.68
ur El 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).
COLING2027 under review
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Multi-Source Knowledge / N/L”p\

Mountain Lab

* Motivation
* Inherent Limitations: LLMs struggle in

____________________________________________________________________________________

fTranslalc the following Chinese into English:

| | low-resource translation via Direct
EERMROKE, RERAEIERK.

@ "%EE'&EE{JFI;E'HIE;I';'iiEJE heart fire and needs to cat some | Prompting due to a lack of explicit
= —==:7 bitter gourd to remove the fire, 9 i Lo )

INEuisticC 1 ning.
LLMs Traditional LLMs translation guistic reasoning

Generate four types of relevant knnwledge

!A! ﬂ L@ + source

* Information Deficiency: Existing CoT

Demostration Topic Dictionary  Difficult word P G
chain explanation  opprycy prompt  LLMs

methods suffer from coarse granularity,

failing to systematically integrate the deep,

Th‘.’.‘dﬂ-ﬂtﬂrﬂdldh‘.’.‘ﬂ“ 15 from excessive heart fire in tr d]lu nal

multi-source knowledge required for

______________________________________________________________________________________

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

CCMT2026 under review
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Mountain Lab

Multi-Source Knowledge

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 CCMT2026 under review
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Mountain Lab

Multi-Source Knowledge

* Experiment

* Main experiment

Table 2: Results on the IWSLT dataset (Chinese — XX) of Qwen3-32B eval-
uated 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 84.87 8162 7815
MAPS (He et al., 2024)[4] 78.03 7594 83.23 86.46 80.91
COD (Lu et al., 2024)[8] 73.56 7258  79.44 8391 77.37
TEaR (Feng et al., 2025)[29] 7572 72.64 84.87 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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Dual-RAG: Word Sense Disambiguation

e Motivation

~ SEPIET A @I T I ©fS 71
@ A |(ostroprocharer age rogike sarjari warde bhorti korun.)

Src

_____________________________________

Ambiguous word: ©f$ F&a (bhorti korun)
I

| 27°n 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. }

8 . Original
8 " Enroll the patient to the surgical ward before surgery. }m% :

( _only
8 Admit the patient to the surgical ward before surgery. } ar

S

20N

Mountain Lab

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.

COLING?2027 under review
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Dual-RAG: Word Sense Disambiguation

y
[ NLP\\

Mountain Lab

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 /m)\

Mountain Lab

* Experiment Results

Item Content
ISource (fi) I Kirja tiytyy saada ensin valmiiksi ja sitten tehddén
Method WMT IWSLT 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 61.32 76.86
________________________________ Ambiguity kiisikirjoitus
_only 77.74 779.16 7324 6350 77.12 Sense contrast screenplay / script / manuscript
Threshold-RAG | 78.08 79.77 73.11 62.87 77.05
Filter-RAG 77.92 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 74.34" 64.47° 7179 Wil be written. v/

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 gsikirjoitus. Ours resolves the intended sense, while

basehng p < 0.01). More detailed results are given in Direct and RAG_only choose the wrong literal sense.
Appendix|Table 32 and Table 33. COLING2027 under review
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RAG and Self-Refined Knowledge

Retrieve, Refine, and Translate: LLM-Based
Translation for Low-Resource Languages

Shibo Zhang!***, Mieradilijiang Maimaiti***", Zhengyi Guo'***, Dezhi Wang!**,
Wu Le”, Zhuofei Xie”, Jiawei Chen”, Wushouer Silamu'-*#,

!School of Computer Science and Technology, Xinjiang University, Urumqi, China
?Xinjiang Laboratory of Multi-Language Information Technology, Xinjiang University, Urumqi, China
3Xinjiang Multilingual Information Technology Research Center, Urumgi, China
“International Research Laboratory of Silk Road Multilingual Cognitive Computing, Urumgi, China
3Integrated Laboratory for Space, Air, and Ground Systems
Email: {zhangshibo, guozhengyi, kyriezhizhi } @stu.xju.edu.cn, {miradeljan51, wushour} @xju.edu.cn,
alala@richnetworks.hk, zhx34@ pitt.edu, syscjw @zohomail.cn

Zhang et al., IJCNN 2026
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RAG and Self-Refined Knowledge /4 N/L”P\

Mountain Lab

e Motivation

-

.
"We. now have 4-month-old mice that are non- * Although LLMs demonstrate
dmbehc that used to be diabetic," he added. promising translation and self-

refinement capabilities, their

{ «Lw wkjugptig, np bpwip hhdw nitkh snpu wlfuwllw’u] performance remains severely
uhubp, npnup ny nhwpkwnply thb phwptnhl Ehi constrained in low-resource

& scenarios.

.('_)_. Sample cases & * Leveraging external knowledge
N®) error analysis via RAG assists LLM
translation, but relying solely
on contextual parallel examples

«Lw wykjugntig, np hhdw tpwbp nitkl snpu and single-round generation is
wduwlwb dhutip, npnup bwjulhinidnhwpbnhl insufficient to resolve diverse
Eht, vwljuyt hhdw ny» CITOTS

(5 Y. .

Zhang et al., IJCNN 2026
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RAG and Self-Refined Knowledge /4 N/L”P\

|

Mountain Lab

. .
== Source sentence: 5:”"‘3: T
i rc: "We now have 4-month-old mice that are ...
= WE now have 4-mm:\1'h-a!d Topics: Diabetes, medical research, ...
mice that are non-diabetic tha Keywords: 4-manth-old mice, non-diabetic, ..
used to be diabetic," he added.

Trans: «Uklp hhuw mbkbp snpu wilomljwh dlukp--
@ ﬁﬁzh‘im&

Parallel sentences:

1.5rc: On Monday, scientists from the ..
Topics: Health, medicine, technology, ...

-~

- Pﬂl"ﬂ“ﬂl sentences: Keywords: Stanford University, printable chip, ...
= 1, Src: On Munday. scientists from- Trans: tplnupywpphbh Uinkbdnpnh hunbojouopabpe--
Top-k Ref: tpympwpph opp Pdoymppub-- 2. o
2 en e b iy

L 2

e ) e st it - SN .
I Pay attention to the topics, keywords and analyze the imperfect ! | Please identify errors and assess the quality of the !
i translation, then OMLY produce the perfect translation of source | E translation ... ;
+ sentence from English to Armenian. : : Source: "We now have 4-month-old mice that are E
 Source: - | ~* non-diabetic that used to be diabetic," he added. |
i I:rr::r:d;' _____ L‘ Vs - E Trans: «huw dklp mbikbp snpu uduwwljmb dhukp, E
i Imperfect translation: - i E npobp ghwpbanhl sk, .. i
! Perfect translation: 0 e e s e e .
! Source: - ! /
! Topics: i I P ‘_{E ____________________
| Keywords: i f ] ie |
e i | bl iyics
l\ Perfect translation: _‘:

«<iw dklip nibkibp ynpu wdwwljwb dhitn, npebp ) / «<jufw dhhp nbkbp snpu wniuwlpub
nhwptanhl sk, ... hhjwinugud {atp, npnbp wydd ...
\ S p. S

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., IJCNN 2026
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RAG and Self-Refined Knowledge

* Experiment

* Main experiment

AN

Mountain Lab

*  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
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
MAP 73.53 16.53 7131 65.20 16.33 1127 27.05 :
TEaR 71,19 73. 7, 2 73.42 .94 1, 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 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
MAPS 57.11 61.87 57.87 77.51 71.04 57.56 71.31 75.81
TEaR 52.93 58.88 55.23 76.42 67.86 56.65 68.44 74.32
CompTra 44.95 4442 42.03 59.77 64.45 56.23 54.68 63.02
Ours 57.74 61.97 57.38 77.75 71.52 56.95 71.45 75.94 Zhang et al., LICNN 2026
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Eg o« KiE S R IEIAR TR B RTE 5 A2

o mEKITRIES M RKIETEAMEIIFRER
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Multi-modal LLM-based MT --- Speech / N/IL”P\

Mountain Lab

| am from China ‘ ﬁ

| am from China

mm)p ASR m=) TTS

| am from China | am from China

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
i Model ﬂ students in the classroom.

S— M EINEREEBHUBHNFE,

1
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Multi-modal LLM-based MT --- Video

A man stands in a
doorway using a
pull up bar to do

pull ups.

Machine Translation

Video-guided
Machine Translation

)
& NLP\

Mountain Lab

— T BAUSE O 8
{E/ ALkEE 4 fi.

(pulling pub) (do pull)

— A BAED
Vs st o Lz,

(oull-up bar) (do upward
movement)

Prof. Wang CCMT2023
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Constructing Multi-modal Datasets for LRLs N
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Vision-to-Text: Benchmarking Multimodal LLMs
on Extremely Low-Resource Languages

Shuoshuo Hou!234, Mieradilijiang Maimaiti->34*, Zhexin Li'?3-4, Jiaxin Wang!23:4,
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2Xinjiang Laboratory of Multi-Language Information Technology, Xinjiang University, Urumgi, China
3Xinjiang Multilingual Information Technology Research Center, Urumgqi, China
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Constructing Multi-modal Datasets for LRLSs

e Motivation

Traditional Pivot-based

)
= NLP\L

Mountain Lab

Traditional pivot translation

accumulates errors and lacks visual

Pivot Noisy & grounding, resulting in noisy and less
= Translation [ & -> Ungrounded -
Error 9 accurate translations.
S Accumulation
SilkRoad-VL We introduce visual information to
directly support translation,
(9 m — o
gh-Quality improving translation quality and
Vim-» ErYsI.-el\:lnﬁLIe 9 & Visually . .
Grounding Grounded 1mage-text consistency.
Hou et al., [JICNN 2026
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Constructing Multi-modal Datasets for LRLs / N/L”P\

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

Mountain Lab

* Experiment Stort Lone

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 4.33 467
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
Total / Average 262.3k 132.3k 17.6 130.1k 41.6

Hou et al., IJICNN 2026
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Constructing Multi-modal Datasets for LRLs / N/L”P\

Mountain Lab

* 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 (CS BS CK CS BS CK CS BS CK CS BS CK CS BS CK CS
Qwend-VL 92.22 77.01 16.81 90.61 67.83 16.55 93.83 74.66 18.48 94.33 79.67 16.78 97.03 83.55 2295 05.80 83.51 20.47

Qwen2.5-VL 80.72 63.69 16.89 8746 54.11 17.34 91.858 63.58 18.60 93.04 74.65 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 23.20 88.94 47.41 21.03
LLaVA-1.5 77.95 34.08 17.19 82.26 32.22 17.38 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 06.36 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 71.58 16.T1 9832 7161 2283 97.69 72.72 20.64

Ours 95.43 82.22 16.71 95.52 79.58 17.23 97.76 82.96 18.65 97.29 83.7T0 17.04 98.48 84.23 2288 97.87 83.55 20.52

Hou et al., IJCNN 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 is often

- ~ unstable and may introduce noise.
\ A wooden baseball

Text-only neighbors

Template collapse:
same surface form, mismatched referent

[ Thie is & bat bat on the ground. * In low-resource settings, text-only
.This is a bat. ) ) . . -
 (animal : ba A man holding a retrieval 1s weak at disambiguating

| baseball bat.

short or templated sentences.

2.This is a bat.
(animal : bat)

\

A baseball bat . .
leaning against the * Therefore, we propose using Visual

P | wall Neighbor Memory as auxiliary
.This is a bat. . ey . . . .
(sports: bat) v MisHERDLEN evidence for disambiguation rather
4 \bat—» baseball bat (sports equ1pment)j . .. .
| than letting vision dominate
x Incorrect: bat (animal) \/ Correct: baseball bat (sport) t'
cneration.
g NAACL2027 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 3291 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) 57.37 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 32.72 27.04 20.85 18.17 18.16
Direct multimodal LLM

Qwen3-VL-8B-Instruct (Bai et al. 2025) 55.60 57.27 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 27.97

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 (e = 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:G only). Best results are in bold, and second-best
results are underlined. Full metrics are reported in Tables S8—S11 of the Supplementary Material.

NAACL2027 under review
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RAG + Multi-Modal Fusion / @‘p\

Mountain Lab

Image Source Sentence

* C aS e Study men playing baseball

Reference
T D I8 G (men playing baseball.)

Direct Output
fehehe @erd g 929 (men playing cricket.)

Text-RAG Output

S Ta %I (women playing baseball.) Hindi

Image-RAG Output
Afgard Suaia &< @l 8l (wormnen playing baseball.)

VNM-RAG Output
JTITT @A @ 92y (men playing baseball.)

Source Sentence
A man is grilling out in his backyard.

Reference
§a183 820 V1518 locwdygn B30 Elaujss yab yu (a man is grilling in his backyard.)

Direct Output
Ml ol oSy  Saial (incorrect translation.)

Text-RAG Output U y ghur
9385 Ml daiond Elea 3l aiad (incorrect translation.)

Image-RAG Output

8385 DMl saoud Elauds aad (incorrect translation.)

VNM-RAG Output
Bad188y 8w LI5S ladyga 8,6 ya5 4o (a\r}an is grilling in the backyard.)

NAACL2027 under review
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¢ @‘%JWQ a ﬁ%ﬂéﬁi*’ﬁ{’?

R RS E MR S S RSB — KR ST MNLP2026 2026/9/12 78



Investigations on RAGs

SRR 2L LR 22 S RS [ KR T | MNLP2026 2026/9/12 79



What is RAG 2N

Mountain Lab

* RAG (Retrieval-Augmented Generation, a3 5EA L) A& — MR AR RIS &R 5 K05 5 B A pliAH 45
AREOR, BT RERMARE, HETRREREREE.

Simplified RAG

— B —[2F]

Question Search

User Input (Query Retrieval) Knowledge Database

\é\lhy usAe RAG? ' P ¢ Large

Up-o-date knowledge, | A0 0.0

& Trustworthy sources Kniawledse Cantext
Why use RAG?

Better Answers! (less hallucination),
Up-to-date Knowledge, &
Trustworthy sources (links to documents)

Accurate, Timely
Answer with Citations

CHRIE AR MLRL 2 5 RS R _ KR EE T | MNLP2026 |
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RAGs AN
Mountain Lab

RAGHHERITILLMIJVAM L, Xm R EKIMERAIRER AR R, POARRINATELS S

LLMP R R E

External Knowledge
Required

A

Modular RAG ————p -
HI h Organic combination of \
g £ multipie modules 2 ( Retriever Fine-tuning )

|
| 7
Y e ( Collaborative Fine-tuning )

N \
| i

RAG
Naive RAG .,
Add relevant contextual |
paragraphs

T
|

\

———————————————— RN
|}
]
|
I
I
!
I

XoT Prompt Prompt Engineering
e.g.CoT,ToT | __---=7" =

A

Advanced RAG
Index/pre-retrieval/post-retrieval [ \ s
optimization RN N
X . g All of the above

~

g "( Generator Fine-tuning )

R m w - o - - - -

___________
-
-
-

. L
(Few—shot Prompt)

~ /
Low T C Standard Prompt )

Model Adaptation
*  Required

Low High

Retrieval-Augmented Generation for Large Language Models: A Survey, Arxiv 2024, Gao et al.
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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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o B FREDRIR, R AT
-Question

When did the US break away from England?

-Model output
The US took the first step towards gaining independence from
GB when it declared independence on July 2, 1776 (although the
LLM" 1 event is now commemorated on July 4, 1776, the date when the
Declaration of Independence was officially adopted by Congress)
[1][2]. The Treaty of Paris was later signed on September 3, 1783,
formally separating the United States from the British Empire [3].

4D 30

s ™ ™

[1] Decolonization of [2] Decolonization: ... | | [3] American Revolu-

the Americas: ...in- It was officially adop- | | tion: ... The Treaty of
Corpus dependence from GB | | ted by Congress on Paris was signed

on July 2, 1776 ... LJuly 4,1776 ... | LSeptember 3,1783...

Enabling Large Language Models to Generate Text with Citations , EMNLP Main2023, Gao et al.
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Previous RAGs
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o FWIRAG KM “MoR—Pr—Ek” MZMRiRE, MoBuiEel bz Top-(k) SCAYE N SRR RITR S A AR
DRERIA PSR, FFIINZIRWRIIFIRERE,  DUSCRrs O R & 2 Bt 2.

b8 J5 bt 7T I8

4 e ———————— ) \ R
i ' "'
1 | -l ll sen 2 | se:l 3[ l | | 1 _ N I o The Great Lakes are a group of five
1 ] E N _ large freshwater lakes in North .
Non-graph | | vecl m_ T + “Similarity "_"‘. Query - a7 | America. They are Lake Superior, Lake Superior,
RAG | vec2 & Sttonietion _ _ | . -.‘ E Lake Michigan, Lake Huron, |...] Direct éﬂkﬂ f";:fg Lake
Integration rie, La ntario
User Query | vee3 | | | | 1 — Retrieved Organized Texts *
1 1 Chunks Similarity chunks
Whichof thefive[@®@@ | | ~  ~~ -~~~ ~-=~-=========-=° Ranking
T are shared by the Text Chunking %
M =
oo O Fl=*-m\</-—1*l o
Constructing ‘(Q- g;_ CE_—_ :-l o—0 Reflncment @ Lake Erie  Canada —— Lake Superior,
I Cotomizt| 361 — oo i i el | S | e v L
KGs 100000, Oﬁ 3 Prompt Design id
Entity/Relation Mexico
g_.. Extraction Relational Triples Knowledge Graph Subgraph Prunmg
Kla
o-%\ﬂpﬂo Lake Superior,
Corpus Indexing with g 15 : F_" Lake Huron, Lake
Graphs B — S >||:| _— e Erie, Lake Ontario
v = - “~
S~ -~ T — =
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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DMG-RAG: Dynamic Multi-Grained
Retrieval Augmented Generation for Multi-Hop QA

Yu Peil'®3#, Mieradilijiang Maimaiti’>**", Yi Chen!*** Wu Le®, Zhuofei Xie’, Jiawei Chen’
School of Computer Science and Technology, Xinjiang University
2Xinjiang Laboratory of Multi-Language Information Technology, Xinjiang University
3Xinjiang Multilingual Information Technology Research Center
4Joint International Research Laboratory of Silk Road Multilingual Cognitive Computing
No. 777, Huarui Street, Shuimogou District, Urumgqi 830017, Xinjiang, China
SIntegrated Laboratory for Space, Air, and Ground Systems

Email: peiyu@stu.xju.edu.cn, miradeljan51 @xju.edu.cn, 107552501327 @stu.xju.edu.cn,

alaia@richnetworks.hk, zhx34 @pitt.edu, syscjw@zohomail.cn

Pei et al., IJCNN 2026
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Dynamic RAG

 Motivation
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Pei et al., IJCNN 2026
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Mountain Lab

* Experiment

Methods HotpotQA 2WikiMultiHopQA Average

EM F1 EM F1 EM F1
Direct(qwen2.5-14B) [7] 20.6 27.4 23.2 25.49 21.9 26.5
Naive RAG [1] 53.1 67.1 39 46.5 46.05 56.8
MoGRAG [6] 40.4 52.37 19 23.61 29.7 37.99
GenGroundRAG [27] 36.59 45.91 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., IJCNN 2026
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A-RAG: Scaling Agentic Retrieval-Augmented Generation via Hierarchical Retrieval Interfaces, Arxiv 2026, Du et al.
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* Low-resource LLMs: Text-only methods

* Multilingual, Multimodal, LLM -based MT
* Retrieval-Augmented Intelligence: RAG for MT

* Reasoning-based MT

* Tool-augmented LLMs

o Hou et al., IJICNN 2026
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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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Thank you all Contributors ~
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Thank You!

SRR 2L LR 22 S RS [ KR T | MNLP2026 2026/9/12 95



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

| am recruiting self-motivated Master's and PhD students to join my research
team as Research Interns (RIs).

* | welcome research collaborations with researchers and students worldwide,

both online and on-site.
[m]3:

* Computational resources:

« HIO0 80G 10
* 5090 32G 10
* 4090 24G 10
* 3090 16G 10

[m] =

R RS E MR S S RSB — KR ST MNLP2026 | 2026/9/12 97



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

	默认节
	Slide 1
	Slide 2:           Outline
	Slide 3
	Slide 4: The Three Paths to Achieving AI
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10: The 4 Core Capabilities of LLMs
	Slide 11: The 4 Core Capabilities of LLMs
	Slide 12: LLM Capabilities Across Different Training Stages
	Slide 13: Tokenizer: Converting Natural Language into Discrete Tokens
	Slide 14: Pre-training: Autoregressive Next-Token Prediction
	Slide 15: Continued Pre-training: Enhancing Domain && Language-Specific Capabilities
	Slide 16: SFT: Learning Instructions, Dialogues, and Desired Responses
	Slide 17: Post-training: From Next-Token Prediction to Helpful AI Assistance
	Slide 18: RL: Enhancing Reasoning and Preference Alignment after SFT
	Slide 19: RL for MT: Learning Translation Reasoning through Relative Advantage Optimization
	Slide 20: TianChi LLM
	Slide 21: TianChi LLM
	Slide 22: TianChi LLM
	Slide 23: TianChi LLM
	Slide 24: Multi-task Instruction Tuning: Enhancing LLM Capabilities for  Low-Resource Languages
	Slide 25: Evaluation Results
	Slide 26: MT with LLM
	Slide 27: Paradigm Shift in Machine Translation: From NMT to LLM-era
	Slide 28: LLM-based MT v.s. NMT 
	Slide 29: Pros of LLM-based MT
	Slide 30: Pros of LLM-based MT
	Slide 31: Pros of LLM-based MT
	Slide 32: Cons of LLM-based MT
	Slide 33: Challenges of LLM-based MT on LRLs
	Slide 34: Challenges of LLM-based MT on LRLs
	Slide 35: Challenges of LLM-based MT on LRLs
	Slide 36: Challenges of LLM-based MT on LRLs
	Slide 37: Challenges of LLM-based MT on LRLs
	Slide 38: Challenges of LLM-based MT on LRLs
	Slide 39: Challenges of LLM-based MT on LRLs
	Slide 40: Challenges of LLM-based MT on LRLs
	Slide 41: MT Performance Comparison
	Slide 42: Challenges of LLM-based MT on LRLs
	Slide 43: Challenges of LLM-based MT on LRLs
	Slide 44: Challenges of LLM-based MT on LRLs
	Slide 45: Challenges of LLM-based MT on LRLs
	Slide 46: Challenges of LLM-based MT on LRLs
	Slide 47: Challenges of LLM-based MT on LRLs
	Slide 48: MT Performance Comparison
	Slide 49: Main Challenges of LLM-based MT on LRLs
	Slide 50:           Outline
	Slide 51
	Slide 52: Constructing LRLs Instruction
	Slide 53: Constructing LRLs Instruction
	Slide 54: Constructing LRLs Instruction
	Slide 55: Constructing LRLs Instruction
	Slide 56: Multi-Source Knowledge 
	Slide 57: Multi-Source Knowledge 
	Slide 58: Multi-Source Knowledge 
	Slide 59: Dual-RAG: Word Sense Disambiguation 
	Slide 60: Dual-RAG: Word Sense Disambiguation 
	Slide 61: Dual-RAG: Word Sense Disambiguation 
	Slide 62: RAG and Self-Refined Knowledge
	Slide 63: RAG and Self-Refined Knowledge
	Slide 64: RAG and Self-Refined Knowledge
	Slide 65: RAG and Self-Refined Knowledge
	Slide 66:           Outline
	Slide 67
	Slide 68: Multi-modal LLM-based MT  --- Speech
	Slide 69: Multi-modal LLM-based MT  --- Image
	Slide 70: Multi-modal LLM-based MT  --- Video
	Slide 71: Constructing Multi-modal Datasets for LRLs
	Slide 72: Constructing Multi-modal Datasets for LRLs
	Slide 73: Constructing Multi-modal Datasets for LRLs
	Slide 74: Constructing Multi-modal Datasets for LRLs
	Slide 75: RAG + Multi-Modal Fusion
	Slide 76: RAG + Multi-Modal Fusion
	Slide 77: RAG + Multi-Modal Fusion
	Slide 78:           Outline
	Slide 79
	Slide 80: What is RAG
	Slide 81: RAGs
	Slide 82: Why RAG
	Slide 83: Why RAG
	Slide 84: Previous RAGs
	Slide 85: Dynamic RAG
	Slide 86: Dynamic RAG
	Slide 87: Dynamic RAG
	Slide 88: Dynamic RAG
	Slide 89: Agentic RAG
	Slide 90: Future Works
	Slide 91:           Outline
	Slide 92
	Slide 93: Text-only v.s. Multi-modal LLM-based MT
	Slide 94:          Thank you all Contributors ~
	Slide 95
	Slide 96:        Q & A
	Slide 97: Join Us!



  →  


  𝒌

