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01 Background

02 Research

Research gap

LLMs excel in In-Context Learning (ICL) but
face persistent errors and hallucinations in
low-resource machine translation (MT).

Challenges

While RAG improves quality, generated trans-
lations still exhibit diverse errors. Effectively

refining these errors without massive retrain-
ing remains a critical hurdle for low-resource

languages.

Our goal

Introduce a two-stage refinement framework
that strategically exploits retrieved contextual
signals and explicit quality feedback to improve
low-resource MT.
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r 2
"We now have 4-month-old mice that are non-
diabetic that used to be diabetic," he added.
«Lw wykjugnkg, np iputp hhdw niubkb snpu wduwljub
Ulubip, npnup ny phwpbkwnhly th b ghwpbwhly thie

[@"_@ Sample cases & ]

(_)

®-© error analysis

wluwluit dhulp, npnbp twfulhinud nhwplanhl

06 Conclusion

«Lu wkjugntg, np hhdw upwp niukh snpu
@ Lht, vwljugi hpdw ny»

e v

Fig. 1. Standard LLM Generation vs. Two-Stage Refinement
Framework(English to Armenian).
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Goal Improve LLM-based translation quality in low-resource settings through a structured, retrieval-augmented
refinement process.

m Two-Stage Framework m Implicit Refinement

Presenta 2-stagerefinement framework integrating retrieval- Leverage retrieved parallel examples and auxiliary knowledge
augmented contextual guidance. (topics/keywords) to correct major initial translation errors.

m Explicit Refinement m Benchmark validation

Introduce an MQM-based quality feedback mechanism to Validate the framework across 8 low-resource languages on 3
iteratively identify and revise residual errors. benchmarks, demonstrating consistent improvements.

Research Goal and Contributions
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(B3 Source sentence:

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

@ Refr‘ieve
P

@ Parallel sentences:

©) 1. Src: On Monday, scientists from--

Top-k Ref: Eplnipwpph opp Pdoynipyjui--

Pay attention fo the topics, keywords and analyze the imperfect
translation, then ONLY produce the perfect translation of source
sentence from English to Armenian.

Source: - -

Topics: -~

Keywords: - -

Imperfect translation: - -

Perfect translation: - -

Source: -

Topics:

Keywords: - -

Imperfect translation:

Perfect translation:

«<pim vklp n kb ynpu unduwlju ik, npntp
nhwpbmpl sk, ..

03 Methodology

[‘:] Analyze topics

Translate directly

04 Setup

p
Source:

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

Keywords: 4-month-old mice, non-diabetic, ...
Trans: «Ukup hhdw niliklp snpu wluwlub ubkp--

Parallel sentences:

1.5rc: On Monday, scientists from the ..
Topics: Health, medicine, technology, ...
Keywords: Stanford University, printable chip, ...
Trans: Gphnipwppht Unkudnpnh hwdwjuwpubh--

" J

.

Please identify errors and assess the quality of the
translation ...

Source: "We now have 4-month-old mice that are
non-diabetic that used to be diabetic," he added.
Trans: «Zhdw Uklp nitklp snpu wduwljub dljikp,

npnlp ghwpknhl sk, ..

@ «<iw dtitip m bkbp ynpu uniuwljubt
hhjuitimugwd W atp, npnip uydd ...
J

Fig. 2. Overview of the pipeline.
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Three-stage workflow

0 Initial Generation & Retrieval

Retrieve top-k parallel examples
and extract auxiliary knowledge
from all the sentences while tra-
nslating them directly.

e Implicit Refinement

Formulate contrastive demonstra-
tions to contextually correct the
initial imperfect translation.

e Explicit Refinement

Apply MQM-based error analysis
iteratively (T=3) to polish semantic
adequacy and fluency.
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Benchmarks Metrics

FLORES-200 XCOMET-XL: Semantic Adequacy
BLEURT: Semantic Equivalence

Use the dev split as the retrieval pool and

evaluate on the devtest split.

NTREX-128 Implementation details

Use the first 1,000 pairs for evaluation and
the remaining 997 pairs as a retrieval pool.

Category Value
TICO-19
Soecial . . Base LLM Qwen3-30B-A3B-Instruct
pecialized medical domain. Use the dev set ) .
(971 pairs) as the retrieval pool and test in Embeddlng Model Qwen3-Embedd1ng—4B
four languages on testset. Data Type bfloatl6
Temperature 0.0
Target languages Top-p 1.0
Max Tokens 512
Armenian, Azerbaijani, Hebrew, Lao,
Khmer, Tam", Urdu, Benga" Implementation Details.

Experimental Setup



Experiments: Main Results

01 Background 02 Research 03 Methodology
Methods Armenian Azerbaijani Hebrew Lao
XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT
0-shot 68.57 72.56 64.92 62.45 70.72 67.34 49.49 62.06
Vanilla RAG 71.47 74.90 68.63 64.31 71.50 68.06 55.55 67.35
COD 70.83 73.57 66.64 63.04 70.44 66.99 52.22 63.80
MAPS 75.53 76.53 71.31 65.20 76.33 71.27 57.05 68.00
TEaR 71.19 73.66 67.66 63.29 73.42 68.94 51.36 63.61
CompTra 61.11 62.71 67.32 63.32 70.74 67.53 49.99 52.54
Ours 76.56 76.87 72.15 65.58 78.57 72.07 57.65 67.64
Methods Khmer Tamil Urdu Bengali
XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT
0-shot 50.98 57.35 53.01 74.83 66.84 56.38 67.33 73.98
vanilla rag 55.28 60.51 55.10 76.77 68.15 56.66 68.48 74.87
COoD 51.24 5749 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 4495 44.42 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

Results

04 Setup

Results on FLORES-200(Above) and NTREX-128(Below) from English to X.

Methods Armenian Azerbaijani Hebrew Lao
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
Methods Khmer Tamil Urdu Bengali
XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT
0-shot 4951 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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Key findings

Our framework consistently achieves the
competitive performance among LLM-based
baselines.

Significant gains observed: +8.0 XCOMET for
Armenian (FLORES-200) and +9.1 for Hebrew

(NTREX-128) compared to the 0-shot baseline.

Takeaway

The two-stage refinement approach
providesrobust and consistent gains
across multi-domain and news scenarios

inextremely low-resource settings.



Experiments: Generalization
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Medical Domain Adaptability

03 Methodology

04 Setup

Cross-Lingual Shift (Chinese to X)

Bengali Khmer Tamil Urdu
Methods
XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT
0-shot 62.22 72.37 56.70 59.60 48.54 70.87 63.44 52.09
Vanilla RAG 68.20 76.00 65.77 67.75 53.71 77.21 67.12 54.88
COD 61.43 72.38 57.65 60.59 49.24 71.87 59.70 52.23
MAPS 68.25 75.89 64.06 66.14 53.99 76.23 67.55 5291
TEaR 65.75 74.66 60.66 63.62 51.61 74.91 65.63 52.53
CompTra 52.02 61.48 52.89 50.71 42.18 59.21 62.25 54.78
Ours 69.30 76.43 65.97 67.43 55.09 77.54 68.70 53.95
Results on TICO-19 (English to X)
Results

Despite the high density of specialized medical terminology, our frame-
work maintains superior adaptability, yielding the highest XCOMET
scores across all four target languages.

Key findings

M . Bengali Khmer Tamil Urdu
ethods
XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT XCOMET  BLEURT
0-shot 58.18 69.30 53.42 57.84 47.86 70.15 59.70 46.87
Vanilla RAG 62.96 73.04 60.59 65.59 51.71 76.53 63.10 48.64
CcoD 57.83 69.32 54.96 58.89 48.43 70.73 58.20 46.82
MAPS 62.85 73.01 59.41 64.60 52.11 75.56 63.23 47.24
TEaR 60.54 72.00 55.23 61.37 50.01 74.34 61.49 47.44
CompTra 49.52 57.76 47.12 45,00 40.49 55.79 56.25 47.32
Ours 63.82 73.80 60.61 65.73 52.50 77.02 64.44 48.33
Results on TICO-19 (Chinese to X)
Results

Successfully handles the challenging shiftto the Chinese source
language, proving the refinement ensures correct syntactic and
semantic integration.

The framework generates high-quality, semantically coherent translations even under the dual challenges

of linguistic changes and specialized technical content.

Results
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Analysis and Evidence
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Ablation Study

Average (8 langs)
XCOMET BLEURT

Settings

w/o 65.36 68.25
w/ 65.71 68.48

Knowledge Integration: Removing explicit semantic
constraints leads to consistent degradation in both
metrics.

Armenian Azerbaijani Hebrew Lao

Methods

XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT
Implicit Ref. 74.41 75.87 69.80 64.94 T4.34 69.44 55.19 66.84
+ Explicit Ref. 76.56 76.87 7215 65.58 78.57 72.07 57.65 67.64
Methods Khmer Tamil Urdu Bengali

XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT XCOMET BLEURT
Implicit Ref. 55.97 61.31 56.53 77.31 69.57 56.96 69.86 75.14
+ Explicit Ref. 57.74 61.97 57.38 7175 71.52 56.95 7145 75.94

Explicit Refinement Impact: The addition of Stage 2
yields massive improvements.

Results

03 Methodology

Iteration Effect

04 Setup
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Iteration Step (T)

Performance gains converge at T=3 iterations,

finding the optimal trade-off.
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Case study

Sentence

USA Gymnastics and the USOC have the same goal — making the sport of gymnastics, and others, as safe as possible for athletes
Source to follow their dreams in a safe, positive and empowered environment.

D'NID AW N037 ,DMINK D'9IWT NITAYAAN GV IR ISAT - NON ANINT B'ONIY 'S TIIAI IR 78 NITHYNAN NN
Reference  npyyini neairn ,ANIva N2'301 DAYNINIYN DK D'UANY GINYY D'KOIDOY.

190'71XA TYIIAI NN NIYIX 79 N'DOIN'A américain NLA MIX NIX DA7 ' —INI'7 DANK DIISO 31 ,NF'DOI'AN LSO NX ST
112V WOKRN 723 NILa Nknletes, NTTIVNI N'AI'N ANV N2'20] D'YONNY INWNYT IXDRN'Y T,

Vanilla RAG
(Error: Hallucinated French word "américain” & Mixed-script"letes")
190" 7IXA WIAL AN AZ00IN'A KFNKA AON INIK IX D'WONN — NIDA ANI7 0N UID0 31 ,n7'00IN'AN VDO NK 19N
Implicit 12y oKD 723 Nikaletes, NTTIVAI N'AI'N,ANIVY 121201 DAY IXORN'Y ' .
Refinement
(Correction: Fixed hallucination "américain", but mixed-script "letes” persists)
NI0N ANIN DX D'YONND K7 NN 'ON'IXD TVINI 2NN NP'00IN'A — NILA NI ,DINK VIO |21 ,N7'VOIN'AN VIO NK YI9N?
Explicit 212 WOKN 723 DIOYNK, IN'KN'Y FTD K DATIMIZA NWOKNI N'AI'N ,ANIVA 2202,
Refinement

(Corrected terminology "athletes” & improved idiomatic phrasing)

Stage 1 implicitly fixed a hallucinated named
entity (French "américain"), but a mixed-
script morphological error ("letes") persisted.
Stage 2 successfully resolved it into correct
Hebrew ("athletim") while optimizing idioms.
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Takeaways Code & Dataset

* We propose a two-stage refinement framework (Implicit + Explicit) to address the

|
1
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Corresponding author:
miradeljan51@xju.edu.cn

challenges of low-resource machine translation.

[=]

* Our approach effectively synergizes retrieval-augmented contextual guidance with
the model's intrinsic MQM-based self-correction reasoning.

* Extensive experiments show consistent outperformance over competitive baselines
across multi-domain, news, and specialized medical datasets.

* Future work will prioritize optimizing efficiency and adaptive strategies to balance

translation quality with inference costs.

Thank yOU! Questions are welcome.

Supported by NSFC (Grant Nos. 62406316, 201704041014, and 201404041254) and the
Xinjiang “Tianchi Talent” Recruitment and Introduction Program.
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