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Abstract

Large Language Models (LLMs) have achieved001
impressive results in Machine Translation002
(MT). However, careful evaluations by human003
reveal that the translations produced by LLMs004
still contain multiple errors. Importantly, feed-005
ing back such error information into the LLMs006
can lead to self-correction and result in im-007
proved translation performance. Motivated008
by these insights, we introduce a systematic009
LLM-based self-correcting translation frame-010
work, named TER, which stands for Translate,011
Estimate, and Refine, marking a significant012
step forward in this direction. Our findings013
demonstrate that 1) our self-correction frame-014
work successfully assists LLMs in improving015
their translation quality across a wide range016
of languages, whether it’s from high-resource017
languages to low-resource ones or whether it’s018
English-centric or centered around other lan-019
guages; 2) TER exhibits superior systematicity020
and interpretability compared to previous meth-021
ods; 3) different estimation strategies yield var-022
ied impacts on AI feedback, directly affecting023
the effectiveness of the final corrections. We024
further compare different LLMs and conduct025
various experiments involving self-correction026
and cross-model correction to investigate the027
potential relationship between the translation028
and evaluation capabilities of LLMs. The code029
will be made available upon publication.030

1 Introduction031

The results of the General Machine Translation032

Task 1 in WMT23 indicate that LLM-based ma-033

chine translation systems (Agrawal et al., 2023;034

Vilar et al., 2023; Zhang et al., 2023; He et al.,035

2023; Gao et al., 2023; Garcia et al., 2023; Wu036

and Hu, 2023; Hendy et al., 2023; Peng et al.,037

2023a; Moslem et al., 2023; Zhu et al., 2023; Liang038

et al., 2023), especially GPT-4 (Achiam et al.,039

2023) using few-shot prompting, have taken top040

1WMT 2023 Shared Task: General Machine Translation

Figure 1: The original translation is from the submission
of GPT-4 (Kocmi et al., 2023) for WMT23. The MQM
error label is annotated by human experts. We use Ope-
nAI API gpt-4 to correct the translation. The metric
score increases from 83.29 to 84.22 using COMET-22
(wmt22-comet-da) (Rei et al., 2020) model.

positions in the majority of subtasks (Kocmi et al., 041

2023). However, taking the whole 1976 test pairs 042

from the WMT23 Zh-En dataset as a probing study, 043

even with GPT-4 (the best submission in WMT23), 044

only 332 pairs achieved a perfect score (i.e., no 045

errors were identified upon manual inspection) ac- 046

cording to the Multi-dimensional Quality Metrics 047

(MQM, Freitag et al., 2021) 2. Interestingly, when 048

we feed back the information from the human 049

MQM evaluations into GPT-4, asking it to correct 050

2https://github.com/google/wmt-mqm-human-evaluation
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its initial translation based on this feedback, we051

observe that the errors can be corrected and there is052

also an improvement in the metric score, as shown053

in Figure 1. Such findings inspire us to leverage054

evaluative feedback on translations as a means to055

facilitate the correction and improvement of initial056

translations by LLMs.057

Involving LLMs to automatically do the self re-058

finement is increasingly gaining attention (Saun-059

ders et al., 2022; Welleck et al., 2022; Pan et al.,060

2023; Madaan et al., 2023; Shinn et al., 2023; Chen061

et al., 2023b; Li et al., 2023; Gou et al., 2023).062

In the field of Machine Translation (MT), Chen063

et al. (2023a) investigate the use of LLMs to rewrite064

translations by feeding back the previous transla-065

tions, achieving changes at the lexical and struc-066

tural levels while maintaining translation quality.067

Raunak et al. (2023) ask GPT-4 to refine transla-068

tions with the inclusion of the edit proposals pro-069

duced by Chain-of-Thought (CoT) (Kojima et al.,070

2022) strategy, indicating that GPT-4 is adept at071

translation post-editing. However, these efforts en-072

counter several challenges: 1) There is a lack of073

clear assessment of the original translations, with074

evaluations either absent or merged into the correc-075

tion process; 2) The feedback provided is ineffec-076

tive as it lacks clear guidance or contains redundant077

information, leading to difficulties in comprehen-078

sion by LLMs; 3) The initial translations originate079

from external sources, yet the capability of LLMs080

for self-correction remains uninvestigated; 4) The081

translation quality improvements are not strong,082

and in some scenarios, a decline has been noted.083

In this paper, we propose an LLM-based self-084

correcting translation framework, termed TER:085

Translate, Estimate, and Refine. Translate mod-086

ule utilizes an LLM for translation, ensuring that087

our translations are internally sourced. Estimate088

module receives the initial translation and provides089

systematic estimations of the translation quality.090

This assessment serves as feedback. Refine mod-091

ule performs translation corrections based on the092

information from the preceding two modules. Our093

experimental results indicate that our approach094

is more effective in improving translation quality095

compared to the baselines, across both high- and096

low-resource languages, as well as English-centric097

and non-English-centric direct translations, espe-098

cially in semantic-related metrics (COMET (Rei099

et al., 2020), COMETKiwi (Rei et al., 2022), and100

BLEURT (Sellam et al., 2020)). We also explore101

the combined performance of our three modules un-102

der various prompting strategies in self-correction 103

and cross-model correction. Additionally, we con- 104

duct a more detailed analysis of the estimation com- 105

ponent according to types of translation errors. Our 106

contributions are as follows: 107

• We propose the first LLM-based self- 108

correcting translation framework, TER, fea- 109

turing a standalone estimation module and 110

establishing a feedback concept within self- 111

correcting MT, weaving into an interpretable 112

translation system. 113

• TER significantly improves translation qual- 114

ity across various language pairs with dif- 115

ferent LLMs, e.g., ChatGPT (Achiam et al., 116

2023), Gemini (Team et al., 2023), Claude 117

(Anthropic, 2023), demonstrating effective- 118

ness for both high-resource and low-resource 119

languages as well as English-centric and non- 120

English-centric translations. 121

• We conduct a comprehensive analysis to pro- 122

vide clear insights into how different compo- 123

nents of TER interact and contribute to over- 124

all performance, facilitating targeted improve- 125

ments and innovations in the field. We demon- 126

strate that translation ability and quality esti- 127

mation ability exhibit similar trends in specific 128

language pairs, while error correction ability 129

complements them in other language pairs, 130

providing novel insights for future work. 131

2 TER 132

Figure 2 illustrates the workflow of TER. The 133

TER framework consists of three modules: Trans- 134

late, Estimate, and Refine. Given an LLM M 135

with fixed parameters θ and a language pair X - 136

Y (source-target), we first utilize M to generate 137

the initial translation for segment x with the prompt 138

Ttranslate. Got the initial translation y, we use the 139

same LLM M with prompt Testimate for estima- 140

tion. Using the estimation as feedback, we leverage 141

M to refine the initial translation with Trefine. 142

Translate Using a few given exemplars as con- 143

text has been proven to be effective in enhancing 144

the LLM’s translation capabilities (Agrawal et al., 145

2023; Vilar et al., 2023; Garcia et al., 2023). In 146

the initial phase, we first concatenate the selected 147

k source-target paired examples E = (x1, y1) ⊕ 148

(x2, y2)⊕ ...⊕ (xk, yk) with the testing source sen- 149

tence x as the prompt Ttranslate, and utilize M to 150
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Please provide the German translation for the English sentences
Examples: 
Source: How long does it take to get from Duisburg to London?
Target: Wie lange dauert es von Duisburg nach London zu kommen?

...
Source: Boris Johnson teeters on edge of favour with Tory MPs
Target: 

English source:Boris Johnson teeters on edge of favour with Tory MPs
German translation:Boris Johnson ist bei Tory-Abgeordneten völlig
in der Gunst
I'm not satisfied with this translation, because some defects
exist: 
Major: Accuracy/Mistranslation -völlig in der Gunst
Minor: Style/Awkward - Abgeordneten 

Upon reviewing the translation error information, please proceed to
compose the final English translation

Based on the source segment and translation, identify error types in the translation and classify them. The
categories of errors are accuracy (addition, mistranslation, omission, untranslated text), fluency (character encoding,
grammar, inconsistency, punctuation, register, spelling), locale convention (currency, date, name, telephone, or time
format) style (awkward), terminology (inappropriate for context, inconsistent use), non-translation, other, or no-error.
Each error is classified as one of three categories: critical, major, and minor. 
Critical errors inhibit comprehension of the text. Major errors disrupt the flow, but what the text is trying to say is
still understandable. Minor errors are technical errors but do not disrupt the flow or hinder comprehension.
Examples: 
English source: I do apologise about this, we must gain permission from the account holder to discuss an order with
another person, I apologise if this was done previously, however, I would not be able to discuss this with yourself
without the account holders permission.
German translation: Ich entschuldige mich dafür, wir müssen die Erlaubnis einholen, um eine Bestellung mit einer
anderen Person zu besprechen. Ich entschuldige mich, falls dies zuvor geschehen wäre, aber ohne die Erlaubnis des
Kontoinhabers wäre ich nicht in der Lage, dies mit dir involvement.

...
MQM annotations:
critical: no-error
major: accuracy/mistranslation - "involvement" 
        accuracy/omission - "the account holder"
minor: fluency/grammar - "wäre"
        fluency/register - "dir"

English source: Boris Johnson teeters on edge of favour with Tory MPs
German translation: Boris Johnson ist bei Tory-Abgeordneten völlig in der Gunst
MQM annotations:

a) Translate

Boris Johnson ist bei Tory-Abgeordneten völlig in der Gunst

Major: Accuracy/Mistranslation -völlig in der Gunst   Minor: Style/Awkward - Abgeordneten Boris Johnson Beliebtheit bei Tory-MPs steht auf der Kippe

b) Estimate

c) Refine

Figure 2: TER framework includes three steps: Translate, Estimate, and Refine. All steps are executed using
different prompts (Ttranslate, Testimate, Trefine). We detail our prompting strategies in Section 3.

generate the target y. This step is crucial for setting151

a strong foundation for subsequent refinement.152

Estimate Quality Estimation (QE) in the field153

of MT refers to a method predicting the quality154

of a given translation rather than assessing how155

similar it is to a reference segment. Nonetheless,156

the learned models (Rei et al., 2022; Perrella et al.,157

2022; Gowda et al., 2023; Juraska et al., 2023;158

Guerreiro et al., 2023) focus on offering a single159

numerical score to gauge the quality. Even when160

they can predict spans of errors, they only provide161

information on the level of severity. This presents162

three main challenges: 1) The first is incorporat-163

ing additional models causes inconvenience and164

requires a significant amount of annotated data for165

training; 2) The second is understanding the mean-166

ing behind the numerical representation; 3) The167

last is obtaining the feedback with guiding signifi-168

cance. Gold MQM annotation requires expensive169

human efforts, which runs counter to automatic QE.170

Recently, Kocmi and Federmann (2023) and Fer-171

nandes et al. (2023) successfully leverage LLMs to172

automatically annotate with MQM guideline (Fre-173

itag et al., 2021). Guerreiro et al. (2023) also show-174

case that using LLMs to assess translation quality175

can achieve performance comparable to models176

trained on extensive annotated datasets. Prompt-177

ing with Testimate, we can make a black-and-white178

judgment on whether refinement is needed, rather179

than empirically using the learned metrics and set-180

ting a numerical threshold. Besides, when doing181

refinement, the result generated during the estimat-182

ing process also provides important guidance.183

Refine Large language models have elevated 184

the level of machine translation to unprecedented 185

heights. It is relatively easy to progress from a 186

passing level to excellence, whereas reaching the 187

pinnacle from excellence is no easy feat. Chen et al. 188

(2023a) and Raunak et al. (2023) have shown the 189

potential of leveraging LLMs to refine the transla- 190

tion. However, both of them lack an explicit estima- 191

tion module and feedback concept, which would 192

make this improvement process unclear. There- 193

fore, we collect the estimation as the feedback to 194

establish Trefine to refine the initial translation. 195

In a word, our TER self-correction framework 196

requires only one LLM to accomplish all the func- 197

tionalities of the aforementioned modules, provid- 198

ing insights into the self-evolution of LLM-based 199

translation systems. 200

3 Experimental Setup 201

Dataset Our testset mainly comes from WMT22 202

and WMT23, except for Icelandic from WMT21 3. 203

We evaluate 17 translation directions, including 204

both high-resource and low-resource languages, 205

and translations between English-centric and non- 206

English-centric languages, totally covering 10 lan- 207

guages: English (En), French (Fr), German (De), 208

Czech (Cs), Icelandic (Is), Chinese (Zh), Japanese 209

(Ja), Russian (Ru), Ukrainian (Uk), and Hebrew 210

(He). For each translation pair, we randomly se- 211

lected 200 pairs to create our test dataset. Detailed 212

statistics can be found in Appendix A. 213

3https://github.com/wmt-conference
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Figure 3: Results for 16 translation directions using GPT-3.5-turbo. IT: the initial translation using few-shot prompt;
SCoT: Structured Chain-of-Thought (Raunak et al., 2023); CT: inserting the word ′′bad′′ to do the contrastive
translation (Chen et al., 2023a).

Figure 4: Results for human preference study, comparing TER with IT, SCoT, and CT. The data for the first row of
subfigures comes from WMT22 tested on GPT-3.5-turbo, while the experiments for the second row of subfigures
were conducted on our WMT23 Zh-En dataset using three models (GPT-3.5-turbo, Gemini-Pro, Claude-2).

LLMs In this paper, we accessed all LLMs214

through their APIs including GPT-3.5-turbo 4,215

Claude-2 5 and Gemini-Pro 6. Due to the limited216

computational resources, we did not include open-217

source LLMs.218

Prompting Strategies For Ttranslate, we follow219

the setting in Hendy et al. (2023) and Kocmi et al.220

(2023), using the few-shot (5-shot) high-quality221

translation pairs. For Testimate, we use few-shot222

(3-shot) multi-lingual MQM annotated examples223

4We utilize gpt-3.5-turbo-0613 whose training data is up
to date as of September 2021 https://platform.openai.
com/docs/models/gpt-3-5

5https://www.anthropic.com/index/claude-2
6https://cloud.google.com/vertex-ai/docs/generative-

ai/learn/models

to ask LLMs to estimate the initial target in a 224

reference-free scenario. Kocmi and Federmann 225

(2023) have demonstrated that this prompt method 226

ensures the estimation can be executed across any 227

language pairs and can rival metrics models trained 228

on a large amount of MQM annotated data. As for 229

Trefine, Ttranslate − α represents only using the 230

feedback, while Ttranslate − β adheres estimation 231

feedback to the few-shot translation examples. All 232

prompts are detailed in Appendix G. 233

Evaluation methods To evaluate the quality of a 234

translation, we utilize commonly used metrics and 235

human preference tests. 236

• Metrics of translation: 1) a reference-based 237

neural metric COMET-22 (Rei et al., 2020); 238
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Translate Estimate Refine BLEU COMET COMETKiwi BLEURT
zero-shot few-shot zero-shot few-shot Trefine − α Trefine − β

✓ - - - - 25.45 80.01 78.87 66.56
✓ ✓ ✓ 24.95 (-0.50) 80.05 (+0.04) 78.95 (+0.08) 66.64 (+0.08)
✓ ✓ ✓ 25.15 (-0.30) 80.22 (+0.21) 79.18 (+0.31) 66.91 (+0.35)
✓ ✓ ✓ 25.56 (+0.11) 80.52 (+0.51) 79.75 (+0.88) 67.01 (+0.45)
✓ ✓ ✓ 25.79 (+0.34) 80.68 (+0.67) 79.77 (+0.90) 67.09 (+0.53)

✓ - - - - 26.30 80.31 79.28 67.07
✓ ✓ ✓ 26.12 (-0.18) 80.44 (+0.13) 79.71 (+0.43) 67.24 (+0.17)
✓ ✓ ✓ 26.23 (-0.07) 80.54 (+0.23) 79.94 (+0.66) 67.33 (+0.26)
✓ ✓ ✓ 26.01 (-0.29) 80.52 (+0.21) 79.79 (+0.51) 67.66 (+0.59)
✓ ✓ ✓ 26.41 (+0.11) 80.70 (+0.39) 80.07 (+0.79) 67.84 (+0.77)

Table 1: Comparison of quality improvement for different variants of the TER modules in our sampled WMT23
Zh-En dataset. Trefine −α uses only the feedback from the Estimate module, Trefine −β uses few-shot exemplars
in the Translate module and the feedback. Bold results indicate the best in each section.

Figure 5: COMET scores for involving various feedback
estimation strategies in the TER. "-" denotes the baseline
where no estimation is involved, representing the initial
translation (IT). zero-shot and few-shot reflect the use of
different prompting methods with GPT-3.5-turbo, while
GPT-4 w/ human indicates estimations made using GPT-
4 with human assistance.

zero-shot Win Tie few-shot Win

35 89 76

Table 2: Pairwise human evaluation on zero-shot and
few-shot estimation.

2) a reference-free quality estimation model239

COMETKiwi (Rei et al., 2022); 3) a reference-240

based trained metric BLEURT-20 (Sellam241

et al., 2020); 4) a lexical metric SacreBLEU242

(Post, 2018) for completeness.243

• Human Preference: We conduct pairwise244

human preference studies, engaging graduate245

students who are also bilingual experts. Partic-246

ipants were presented with a source sentence247

and two candidate translations, from which248

they were to select the superior translation.249

4 Results250

We compare TER with three baselines, i.e., 1) the251

initial translation with few-shot prompting (IT); 2)252

Figure 6: Error type analysis for initial translations in
our WMT23 Zh-En. We quantified the errors across dif-
ferent estimation prompting strategies, including zero-
shot, few-shot, and GPT-4 with human assistance.

post-editing with Structured-CoT (SCoT), which 253

uses the MQM annotation instructions (Freitag 254

et al., 2021) to produce the intermediate CoT in 255

the form of an MQM annotation over the source- 256

translation pair (Raunak et al., 2023); 3) Con- 257

trastive Translate (CT), which inserts the word 258

“bad” to hint that the previous translation is of low 259

quality, regardless of its actual quality, to form a 260

contrastive prompt (Chen et al., 2023a). 261

Figure 3 displays our test dataset results across 9 262

languages and 16 translation directions using GPT- 263

3.5-turbo. Compared to self-translated IT, TER 264

significantly outperforms them in all directions, 265

with an average improvement of 2.48. Notably, 266

the Ru-En pair sees a significant leap of 5.14, and 267
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Estimate Metric Accuracy/
Mistranslation

Accuracy/
Omission

Accuracy/
Untranslated text

Accuracy/
Addition

Style/
Awkward

Fluency/
Grammar

Terminology/
Inappropriate

Locale Convention/
Name

zero-shot
∆COMET

+0.15 -0.70 +0.45 -0.18 +0.19 / / /
few-shot +0.84 -1.16 +18.42 0.00 +1.09 +0.11 -0.10 /
GPT-4 w/ human +3.34 +4.34 +31.09 / +1.53 +4.14 +1.37 +1.98

Table 3: Relative COMET score improvements over initial translations (IT) when employing different estimation
feedback strategies (zero-shot, few-shot, GPT-4 with human). We splited the testing targets based on the classification
of errors by estimation strategies. "/" indicates that no testing target was segmented under this error type.

the En-De pair has an impressive boost of 6.88.268

TER consistently outperforms several post-editing269

methods across all directions. In terms of BLEU270

scores, TER leads SCoT by 4.75 and CT by 1.0271

on average. For the COMET metric, TER’s per-272

formance is ahead of SCoT by 2.24 and beats CT273

by 0.71. With COMETKiwi, TER surpasses SCoT274

by 2.10 and CT by 0.68. On the Bleurt metric, it275

exceeds SCoT by 2.48 and CT by 1.11. To confirm276

the versatility of the TER framework with different277

models, we evaluated Gemini-Pro and Claude-2278

on our WMT23 Zh-En dataset, comparing them279

against all baselines. TER demonstrated impressive280

performance in these tests as well (see Table 8).281

To further compare the translation quality of our282

TER method, we conduct pairwise human eval-283

uations in Ja-En, En-Zh, and Zh-En translation284

directions. Figure 4 demonstrates that when com-285

pared with IT, the proportion of evaluators who286

preferred TER translations were 46.2%, 32.2%,287

and 42.5% respectively, all significantly exceed-288

ing the proportion favoring IT. This illustrates the289

foundational strength of TER in self-correcting the290

deficiencies of IT. When compared with SCoT and291

CT, TER was also generally more preferred by hu-292

man evaluators. These advantages are also clear293

with Genmini-Pro and Claude-2.294

5 Analysis295

Zero-shot vs Few-shot Prompting We looked296

into using both zero-shot and few-shot prompting297

strategies for our TER framework. The results are298

shown in Table 1. We noticed that using few-shot299

prompting strategies generally works better than300

using zero-shot prompting strategies. Interestingly,301

we also find that employing zero-shot prompting302

strategies for estimation can sometimes deteriorate303

the BLEU score. This suggests, on one hand, the304

limitations inherent in string-based metrics and, on305

the other hand, implies potential deficiencies in the306

quality of zero-shot estimations.307

To explore the impact of estimation quality in308

TER, we utilized GPT-4 with human assistance as309

Models BLEU COMET COMETKiwi BLEURT Rank

En-Ru

GPT-3.5-turbo 36.95 87.94 83.47 75.78 2
Gemini-Pro 34.25 86.34 82.02 74.51 3
Claude-2 37.72 88.90 84.15 77.04 1

En-De

GPT-3.5-turbo 48.07 84.15 80.35 70.96 1
Gemini-Pro 44.89 83.08 79.10 70.50 2
Claude-2 45.80 82.69 79.96 68.81 3

He-En

GPT-3.5-turbo 47.83 86.00 82.16 76.00 3
Gemini-Pro 46.46 86.02 82.05 76.13 2
Claude-2 47.37 86.55 82.61 76.34 1

Zh-En

GPT-3.5-turbo 26.41 80.70 80.07 67.84 1
Gemini-Pro 23.63 78.67 77.47 64.82 3
Claude-2 23.06 79.66 79.32 66.03 2

Table 4: The results of testing translation ability of
various LLMs under few-shot setting in our sampled
WMT23 datasets. Bold results indicate the best in each
section. We rank different LLMs based on their scores
from learned metrics.

gold standard estimation. Figure 5 showcases in- 310

volving feedback with better estimation quality can 311

help improve the effect of TER in COMET scores. 312

Table 2 shows a comparison between zero-shot and 313

few-shot estimation methods evaluated by human 314

experts. The results favor few-shot approaches, 315

highlighting their superior quality. Additionally, 316

correlation analyses with MQM scores, using GPT- 317

4 with human assistance as gold scores, underscore 318

this finding. We observed that few-shot estimation 319

notably outperforms zero-shot one, as detailed in 320

Table 11. However, the modest correlation scores 321

for few-shot estimation and minor enhancement in 322

TER point to the estimation process as a critical 323

bottleneck in optimizing self-correction efficacy. 324

Error Analysis with Different Estimation Strate- 325

gies Figure 6 present the error analysis with dif- 326

ferent estimation strategies. We observed that 327

both few-shot GPT-3.5-turbo and GPT-4 with 328

human assistance predominantly identify errors 329

in the categories of Accuracy/Mistranslation and 330

Style/Awkward. The former tends to estimate 331

more errors in the Accuracy/Mistranslation cate- 332

gory, while GPT-4 attributes more errors to the 333
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Models En-Ru En-De He-En Zh-En

System(%) Segment(%) System(%) Segment(%) System(%) Segment(%) System(%) Segment(%)

GPT-3.5-turbo 66.67 23.41 78.79 34.48 74.24 19.57 90.48 30.36
Gemini-Pro 62.86 19.32 86.36 26.64 83.33 30.98 80.95 21.36
Claude-2 69.52 26.49 83.33 30.33 92.42 33.05 88.57 34.75

Table 5: The system and segment level results of metrics by various LLMs using pairwise accuracy (%) and Kendall
correlation (%) with human-annotated MQM scores, respectively. Bold results indicate the best in each section.

Module Language Pair

Translate Estimate Refine En-Ru En-De He-En Zh-En

GPT-3.5-turbo GPT-3.5-turbo

- 83.66 81.93 83.57 78.67
GPT-3.5-turbo 84.41 (+0.75) 83.20 (+1.27) 83.70 (+0.13) 79.50 (+0.83)

Gemini-Pro 84.59 (+0.93) 82.32 (+0.39) 83.68 (+0.11) 78.19 (-0.48)
Claude-2 86.50 (+2.84) 80.79 (-1.14) 84.24 (+0.67) 78.51 (-0.16)

Gemini-Pro Gemini-Pro

- 82.02 80.53 80.22 77.87
GPT-3.5-turbo 86.99 (+4.97) 83.43 (+2.90) 85.08 (+4.86) 80.85 (+2.98)

Gemini-Pro 84.67 (+2.65) 81.72 (+1.19) 82.96 (+2.74) 78.47 (+0.60)
Claude-2 86.36 (+4.34) 81.15 (+0.62) 83.59 (+3.37) 79.57 (+1.70)

Claude-2 Claude-2

- 85.71 80.84 82.07 66.47
GPT-3.5-turbo 85.62 (-0.09) 82.79 (+1.95) 82.33 (+0.26) 76.08 (+9.61)

Gemini-Pro 86.35 (+0.64) 82.51 (+1.67) 82.27 (+0.20) 75.09 (+8.62)
Claude-2 86.23 (+0.52) 81.77 (+0.93) 82.56 (+0.49) 74.69 (+8.22)

Table 6: Results of the error-correction capabilities of various LLMs. We conducted cross-correction experiments
on our sampled WMT23 datasets by swapping out different models in the Refine module. "-" denotes the baseline
without refinement. Bold results indicate the best in each section.

Style/Awkward category. Additionally, we find334

that zero-shot estimation tends to report more er-335

rors in categories like Accuracy/Mistranslation, Ac-336

curacy/Addition, and Accuracy/Untranslated text,337

which are considered critical/major in terms of338

severity. We also provide a typical case in Table 14,339

which demonstrates the preferences in different es-340

timations. Considering these observations, we infer341

that weaker estimation strategies tend to overesti-342

mate translation errors. Table 3 further illustrates343

the growth in COMET scores after correcting dif-344

ferent types of errors. When error types involve345

Accuracy, they usually pertain to higher severity346

levels of errors and be corrected more; whereas347

error types falling under the Style category are typ-348

ically associated with lower severity errors.349

LLMs Exhibit Diverse Translation and Estima-350

tion Capabilities. Table 4 and 5 present the re-351

sults about how well different LLMs do in trans-352

lation and estimation, based on few-shot prompt-353

ing strategies. We observed that GPT-3.5-turbo354

performs best in translation for En-De and Zh-En,355

while Claude-2 excels in En-De and He-En. The av-356

erage rankings for GPT-3.5-turbo, Gemini-Pro, and357

Claude-2 are 1.75, 2.5, and 1.75, respectively. We358

also find that Claude-2 achieves the highest scores359

in both System-level and Segment-level evaluation360

(see details in Appendix B) for En-Ru and He-En. 361

As for En-De, the situation is somewhat complex, 362

The ranking order exhibits significant differences 363

between the system-level and segment-level eval- 364

uations. We hypothesize that the current MQM 365

is primarily tailored for shorter sentences, poten- 366

tially leading to reduced robustness when applied 367

to longer paragraph-level tests. We consider both 368

of these two levels in our subsequent analysis. 369

En-Ru En-De He-En Zh-En Avg

System-level M 1 -0.33 1 1 0.67
Segment-level M 1 0.33 1 0.33 0.67

Table 7: The Kendall correlation between transla-
tion and translation evaluation capabilities. System-
/Segment-level M means using evaluation rankings
based on System-/Segment-level.

We further study the correlation between 370

the translation and estimation capabilities of 371

LLMs. We regard the translation rankings 372

RMX−Y
translate

from Table 4 and the estimation rank- 373

ings RMX−Y
estimate

from Table 5 to compute Kendall 374

correlation. Table 7 highlights the consistency of 375

translation and estimation capabilities in En-Ru 376

and He-En, where the Kendall correlation scores 377

are 1. This implies that models performing better in 378

translation also tend to excel in evaluation. What’s 379
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more, the consistency in En-De is not hypothetical,380

whether using system-level or segment-level evalu-381

ation metrics as a reference. This provides further382

evidence that using the existing MQM paradigm at383

paragraph level might not be robust.384

Error Correction With Different LLMs Ta-385

ble 6 shows the error correction capabilities of386

different LLMs given the same translation and feed-387

back. GPT-3.5-turbo and Claude-2, two LLMs with388

outstanding translation abilities as shown in Ta-389

ble 4, each excels in their top-ranked translation do-390

mains. When tested with the initialization settings391

of the other, both outperform their counterpart’s392

self-correction in their respective top domains. Re-393

markably, GPT-3.5-turbo exceeds Claude-2 in all394

four translation directions under the settings of a395

third model. While Gemini-Pro trails behind the396

other two in its own self-correction scenarios, it397

doesn’t always rank last under the settings of the398

other models. It’s also noted that the capability for399

translation correction aligns well with translation400

performance in the En-De and Zh-En pairs. Intrigu-401

ingly, these are the pairs where translation consis-402

tency with evaluation metrics appears weaker.403

6 Related Work404

LLMs for Machine Translation LLM-based405

MT falls into two main categories. The first fo-406

cuses on developing strategies, including prompt407

design, in-context example selection, and more, as408

outlined in works (Vilar et al., 2023; Agrawal et al.,409

2023; Zhang et al., 2023; Garcia et al., 2023; Peng410

et al., 2023b). This category also encompasses the411

evaluation of MT in various contexts, such as low-412

resource, document-level, and multilingual trans-413

lation, as discussed in studies (Hendy et al., 2023;414

Jiao et al., 2023; Karpinska and Iyyer, 2023; Zhu415

et al., 2023; Wang et al., 2023). For example, He416

et al. (2023) employ a selection mechanism based417

on external quality estimation to filter out unhelpful418

knowledge. Liang et al. (2023) introduce a Multi-419

Agent Debate (MAD) framework to encourage di-420

vergent thinking in LLMs to reach more accurate421

translations. The second focuses on training a spe-422

cific translation LLM. Xu et al. (2023) propose a423

many-to-many LLM-based translation model, fine-424

tuning on monolingual data. Yang et al. (2023)425

construct a comprehensive parallel corpus dataset426

consisting of 102 languages to enhance the lan-427

guage capabilities of LLaMA. Wu et al. (2024) in-428

vestigate the adaptation LLMs for document-level429

machine translation. 430

Besides LLM-based translation, recent studies 431

also explore the use of LLMs as scorers to evaluate 432

translation quality, introducing a new paradigm for 433

automatic metrics (Kocmi and Federmann, 2023; 434

Fernandes et al., 2023; Lu et al., 2023). Concur- 435

rent to our work, He et al. (2024) explore the use 436

of external QE models as a reward mechanism in 437

feedback training for machine translation. Overall, 438

there is still no work that solely relies on an LLM 439

to integrate evaluation and translation, using AI 440

feedback to enhance translation quality. 441

Post-hoc Correction Automatic improvement is 442

a line of research that utilizes LLMs to self-correct 443

outputs. Self-Refine (Madaan et al., 2023) and 444

Reflexion (Shinn et al., 2023) use LLMs to gener- 445

ate output, provide feedback, and refine the output 446

based on that feedback. Recently, Gou et al. (2023) 447

introduce CRITIC, a method designed to improve 448

LLM outputs by integrating external feedback from 449

diverse sources. Huang et al. (2023) examine the 450

ability of LLMs to self-correct their reasoning re- 451

sponses, revealing that LLMs struggle with intrin- 452

sic self-correction. In applying post-hoc correction 453

to MT, Chen et al. (2023a) explore using LLMs to 454

iterate the translation, but it lacks clear guidance 455

and the quality improvement is limited. Raunak 456

et al. (2023) compare different post-editing strate- 457

gies leveraging GPT-4, yet struggle with the lack 458

of precise diagnostics and feedback mechanisms. 459

In contrast, our work introduces a comprehensive 460

self-correction translation framework that clearly 461

separates the estimation module and introduces a 462

structured feedback system, making the refinement 463

process more interpretable and effective. 464

7 Conclusion 465

We introduce a self-correcting translation frame- 466

work, TER, that employs large language models 467

to perform expert-like guided revisions on transla- 468

tions. Experimental results demonstrate that TER 469

surpasses existing post-editing methods in both 470

metric scores and human preference. We conduct a 471

comprehensive exploration of TER, showcasing the 472

impact of different components on its performance. 473

We delve into the estimate module and present an 474

error-level analysis, demonstrating the key impact 475

of estimation strategies. We also unveil potential 476

connections between the model’s translation capa- 477

bilities and evaluation proficiency across various 478

language pairs. 479
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Limitations480

Applying self-correction in the field of Machine481

Translation has inherent advantages, as the prob-482

lem is well-defined, and the feedback information483

is highly directional and specific. However, iden-484

tifying the optimal strategy for applying LLMs to485

self-correct translations remains a critical area for486

exploration. As we have uncovered that estima-487

tion may become a bottleneck limiting the effec-488

tiveness of TER, there is currently no universally489

proven estimation prompting strategies that demon-490

strate excellent results. What’s more, due to limited491

computational resources, we only utilize black-box492

large language models in this work. It remains un-493

certain how the TER framework would perform on494

powerful open-source models.495
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A Dataset Statistics 753

Table 9 and 10 present details of our testset. 754

B Meta Evaluation of MQM 755

When comparing translation evaluation capabilities
of different LLMs, we consider two dimensions
used in WMT Shared Metrics task: system-level
and segment-level. For the system-level, we utilize
pairwise accuracy of system-ranking (Kocmi et al.,
2021),

Acc =
[sign(metric∆) == sign(human∆)]

|all system pairs|

where ∆ represents the difference between the 756

scores of the two systems. For the segment-level, 757

we follow Freitag et al. (2022) to adopt the aver- 758

age of three types of Kendall correlation across all 759

translation pairs. 760

C Primary Exploration for Iterative 761

Self-Correction 762

In our primary experiments, we also explored 763

whether continuously iterating the self-correcting 764

process could enhance performance on the WMT23 765

Zh-En. We found that this might lead to a de- 766

crease in performance, with a single round of self- 767

correcting yielding the best results (see Figure 7). 768

We speculate that low-quality estimation from GPT- 769

3.5 can produce hallucinations, thus leading to poor 770

correction. Additionally, for errors that are easy to 771

identify and correct, one round of self-correction 772

is sufficient. However, for more challenging cases, 773

one round or multiple rounds make a minor differ- 774

ence. We also consider this issue as a direction for 775

future work. 776

D Exploring TER Components from 777

Another Perspective 778

Table 12 shows the metrics against different parts 779

of initial translations. Zero-shot prompting transla- 780

tions, in comparison to few-shot, have lower scores, 781

indicating poorer quality. Under the same estima- 782

tion and refinement strategies, the scores for zero- 783

shot IT typically show greater enhancement. We 784

also find that the average score of cases requiring 785

refinement is lower than the all sampled dataset 786

(see Table 1). Additionally, the relative score dif- 787

ference for few-shot is higher than for zero-shot, 788

indicating that a stronger Estimate module (few- 789

shot), compared to a weaker one (zero-shot), can 790
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Figure 7: Metric scores for TER as a function of the
number of refinement steps on Zh-En. Dashed red line
denotes the initial translation baseline.

better discriminate and identify cases. Moreover,791

we observed using feedback alone is sufficient to792

improve scores, demonstrating the effectiveness of793

AI feedback in correcting translations. Compared794

to the feedback-only approach, the Trefine − β795

strategy further enhances the improvement effect.796

E Different LLMs Leading Different797

Correction Execution Rate798

Table 13 demonstrates that Gemini-Pro tends to799

tag fewer targets that need refinement, but always800

successfully execute correction. Figure 8 indicates801

that LLMs typically succeed in performing correc-802

tions when initialized with Gemini-Pro (i.e., us-803

ing Gemini-Pro to translate and estimate). In Ta-804

ble 6, we observe that models generally achieve rel-805

atively high improvement scores when initialized806

with Gemini-Pro. This trend is not consistently807

present in GPT-3.5-turbo and Claude-2.808

F Case Study809

Table 14 showcases different estimation strategies810

working on the same initial translation. The weaker811

model and prompting method make it easy to pro-812

duce hallucinations and overestimate the transla-813

tion errors, and also lead to worse downstream814

refinement.815

G Prompt Templates816

Table 15, 16, 17, 18, 19, and 20 show the prompts817

we used in this work.818

Figure 8: Correction execution rate under different ini-
tial settings. GPT: GPT-3.5-turbo; GEM: Gemini-Pro;
CLA: Claude-2. We first use the same model for trans-
lation and estimation. Then, we do self-correction and
cross-correction. Succeeded denotes the translation is
modified after refinement. Failed represents the refined
translation is the same as the initial translation.

WMT23 Zh-En

Method BLEU COMET COMETKiwi BLEURT

GPT-3.5-turbo
IT 24.70 78.67 83.57 78.67
SCoT 25.10 79.17 78.46 65.26
CT 23.96 77.98 77.10 64.34
TER 24.36 79.50 78.91 65.91

Gemini-Pro
IT 22.17 77.87 75.64 63.04
SCoT 19.26 76.96 75.55 63.36
CT 18.77 78.27 76.60 64.93
TER 19.84 78.47 76.89 64.19

Claude-2
IT 18.72 66.47 66.28 47.86
SCoT 16.04 69.23 69.37 52.38
CT 18.68 74.40 76.00 57.39
TER 19.37 74.69 76.00 57.21

Table 8: Results of the WMT23 Zh-En refined transla-
tions. The best results are in bold. TER is compared
with three baseline methods (IT, SCoT, and CT) using
GPT-3.5-turbo, Gemini-Pro, and Claude-2.
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Dataset Language Pair Domain types Total Segments Sampled Segments #tokens per segment

WMT22 En-Ru News, E-commerce 2016 200 16.38

WMT23 En-De Social, News, Meeting notes, E-commerce 557 200 59.46
WMT23 He-En Social, News 1910 200 21.66
WMT23 Zh-En Manuals, News, E-commerce 1976 200 22.85

Table 9: Statistics of our testset. #tokens per segment indicates the average number of tokens of the translation pairs,
calculated based on the sampled text from the English portion of either the source or reference. Systems: translation
systems that are annotated in the WMT for the given year.

Dataset Language Pair Segments Systems Total Segments Systems Selected

WMT22 En-Ru 59 15 885
HuaweiTSC, JDExploreAcademy, Lan-Bridge, M2M100_1.2B-B4, Online-A, Online-B, Online-G,
Online-W, Online-Y, PROMT, QUARTZ_TuneReranking, SRPOL, bleu_bestmbr, comet_bestmbr, eTranslation

WMT23 En-De 80 12 960
AIRC, GPT4-5shot, Lan-BridgeMT, NLLB_Greedy, NLLB_MBR_BLEU, ONLINE-A, ONLINE-B,
ONLINE-G, ONLINE-M, ONLINE-W, ONLINE-Y, ZengHuiMT

WMT23 He-En 80 12 960
GTCOM_Peter, GPT4-5shot, Lan-BridgeMT, NLLB_Greedy, NLLB_MBR_BLEU, ONLINE-A, ONLINE-B,
ONLINE-G, ONLINE-Y, ZengHuiMT, Samsung_Research_Philippines, UvA-LTL

WMT23 Zh-En 80 15 1200
ANVITA, GPT4-5shot, Lan-BridgeMT, NLLB_Greedy, NLLB_MBR_BLEU, ONLINE-A, ONLINE-B,
ONLINE-G, ONLINE-M, ONLINE-W, ONLINE-Y, ZengHuiMT, HW-TSC, IOL_Research, Yishu

Table 10: For MQM annotated datasets, we exclude data with missing annotations and sample 80 translation pairs
form the former 200 sampled translation pairs, except for En-Ru, where the count is 59. The selected testing systems
vary across different language pairs.

Kendall (%) Pearson (%)

zero-shot 11.93 8.91
few-shot 20.22 18.72

Table 11: The Kendall and Pearson correlation between zero/few-shot estimation scores (MQM typology) using
GPT-3.5-turbo and gold GPT-4 with human assistance score.

Translate Estimate Refine # of refinements BLEU COMET COMETKiwi BLEURT

0-shot 5-shot 0-shot 3-shot Trefine − α Trefine − β Score (∆) Score (∆) Score (∆) Score (∆)

✓ ✓ - -
123

25.51 79.78 78.85 65.84
✓ ✓ ✓ 24.29 (-1.22) 79.85 (+0.07) 78.98 (+0.13) 65.98 (+0.14)
✓ ✓ ✓ 24.54 (-0.97) 80.12 (+0.34) 79.35 (+0.50) 66.42 (+0.58)

✓ ✓ - -
99

24.24 78.97 76.93 65.86
✓ ✓ ✓ 24.15 (-0.09) 80.00 (+1.03) 78.71 (+1.78) 66.77 (+0.91)
✓ ✓ ✓ 24.60 (+0.36) 80.32 (+1.35) 78.75 (+1.82) 66.94 (+1.08)

✓ ✓ - -
160

27.06 80.07 79.17 66.75
✓ ✓ ✓ 26.59 (-0.47) 80.23 (+0.16) 79.72 (+0.55) 66.96 (+0.21)
✓ ✓ ✓ 26.71 (-0.35) 80.35 (+0.28) 80.01 (+0.84) 67.07 (+0.32)

✓ ✓ - -
94

24.70 78.67 77.22 64.28
✓ ✓ ✓ 23.66 (-1.04) 79.12 (+0.45) 78.33 (+1.11) 65.53 (+1.25)
✓ ✓ ✓ 24.36 (-0.34) 79.50 (+0.83) 78.91 (+1.69) 65.91 (+1.63)

Table 12: Comparison of quality improvement for different variants of the TER modules on our WMT23 Zh-En
refined translations. # of refinements refers to how many cases are judged to need refinement by the Estimate
module. Trefine − α uses only the feedback from the Estimate module, Trefine − β uses few-shot exemplars in
the Translate module and the feedback. ∆ indicates the relative quality against the results without Refine module.

Models En-Ru En-De He-En Zh-En

CN CU CN CU CN CU CN CU

GPT-3.5-turbo 62 7 99 10 130 37 94 17
Gemini-Pro 52 2 45 1 56 2 100 4
Claude-2 94 10 130 32 70 8 42 7

Table 13: The statistics of cases that require refinement after estimation, "CN" represents the cases that need to be
corrected after estimation, "CU" represents the cases in "CN" but remaining unchanged after refinement.
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Case

Source 我惊愕了，音质竟然是环绕3D立体！
Reference I was astounded to discover that the sound quality was surround 3D!
IT I was amazed that the sound quality was actually 3D surround!

Estimate (reference-free)

0-shot
Based on the source segment and machine translation, the errors in the translation can be identified and classified as follows:
{"critical": accuracy/mistranslation - ’was actually’, "major": " "minor":" "}.
The critical error is the mistranslated text. This error inhibits comprehension of the text.

3-shot "critical": no-error, "major": accuracy/mistranslation - ’actually’ for ’竟然’", "minor": style/awkward - ’I was amazed that’"
GPT-4 w/ human "critical": no-error, "major": no-error, "minor": style/awkward - ’I was amazed that’"

Refine (with feedback from estimation)

Fdb (0-shot) I was amazed that the sound quality was actually 3D surround!
Fdb (3-shot) I was astonished that the sound quality was actually 3D surround!
Fdb (GPT-4 w/ human) I was astonished that the sound quality was actually 3D surround!

Table 14: Case study of different estimation feedback. Top: translation defects annotated by human expert (in red);
Middle: translation defects estimated successfully by models (in red), overestimated errors (under lines); Bottem:
unsuccessfully corrected (in red); successfully corrected (in blue). Fdb: source of the estimation feedback.

Zero-shot Translate

Please provide the {tgt_lan} translation for the {src_lan} sentences:
Source: {origin}
Target:

Table 15: Zero-shot Translate Prompt. {tgt_lan}: target language; {src_lan}: source language; {origin}: the
source test sentence.

Few-shot Translate

Please provide the {tgt_lan} translation for the {src_lan} sentences:
Example:
Source: {src_example_1} Target: {tgt_example_1}
Source: {src_example_2} Target: {tgt_example_2}
Source: {src_example_3} Target: {tgt_example_3}
Source: {src_example_4} Target: {tgt_example_4}
Source: {src_example_5} Target: {tgt_example_5}
Source: {origin}
Target:

Table 16: Few-shot Translate Prompt. {tgt_lan}: target language; {src_lan}: source language; {src_example_i}:
the source sentence of example i; {tgt_example_i}: the target sentence of example i; {origin}: the source test
sentence.
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Zero-shot Estimate

Please identify errors and assess the quality of the translation.
The categories of errors are accuracy (addition, mistranslation, omission, untranslated text), fluency (char-
acter encoding, grammar, inconsistency, punctuation, register, spelling), locale convention (currency, date,
name, telephone, or time format), style (awkward), terminology (inappropriate for context, inconsistent
use), non-translation, other, or no-error.
Each error is classified as one of three categories: critical, major, and minor. Critical errors inhibit
comprehension of the text. Major errors disrupt the flow, but what the text is trying to say is still
understandable. Minor errors are technical errors but do not disrupt the flow or hinder comprehension.
{src_lan} source: {origin}
{tgt_lan} translation: {init_trans}
MQM annotations:

Table 17: Zero-shot Estimate Prompt. {src_lan}: source language; {origin}: the source test sentence; {tgt_lan}:
target language; {init_trans}: the initial translation of the source test sentence.
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Few-shot Estimate

Please identify errors and assess the quality of the translation.
The categories of errors are accuracy (addition, mistranslation, omission, untranslated text), fluency
(character encoding, grammar, inconsistency, punctuation, register, spelling),
locale convention (currency, date, name, telephone, or time format) style (awkward), terminology (inap-
propriate for context, inconsistent use), non-translation, other, or no-error.\n
Each error is classified as one of three categories: critical, major, and minor. Critical errors inhibit
comprehension of the text. Major errors disrupt the flow, but what the text is trying to say is still
understandable. Minor errors are technical errors but do not disrupt the flow or hinder comprehension.
Example1:
Chinese source: 大众点评乌鲁木齐家居商场频道为您提供居然之家地址，电话，营业时间等最新
商户信息，找装修公司，就上大众点评
English translation: Urumqi Home Furnishing Store Channel provides you with the latest business
information such as the address, telephone number, business hours, etc., of high-speed rail, and find a
decoration company, and go to the reviews.
MQM annotations:
critical: accuracy/addition - "of high-speed rail"
major: accuracy/mistranslation - "go to the reviews"
minor: style/awkward - "etc.,"
Example2:
English source: I do apologise about this, we must gain permission from the account holder to discuss an
order with another person, I apologise if this was done previously, however, I would not be able to discuss
this with yourself without the account holders permission.
German translation: Ich entschuldige mich dafür, wir müssen die Erlaubnis einholen, um eine Bestellung
mit einer anderen Person zu besprechen. Ich entschuldige mich, falls dies zuvor geschehen wäre, aber
ohne die Erlaubnis des Kontoinhabers wäre ich nicht in der Lage, dies mit dir involvement.
MQM annotations:
critical: no-error
major: accuracy/mistranslation - "involvement"

accuracy/omission - "the account holder"
minor: fluency/grammar - "wäre"

fluency/register - "dir"
Example3:
English source: Talks have resumed in Vienna to try to revive the nuclear pact, with both sides trying to
gauge the prospects of success after the latest exchanges in the stop-start negotiations.
Czech transation: Ve Vídni se ve Vídni obnovily rozhovory o oživení jaderného paktu, přičemže obě
partaje se snaží posoudit vyhlídky na úspěch po posledních výměnách v jednáních.
MQM annotations:
critical: no-error
major: accuracy/addition - "ve Vídni"

accuracy/omission - "the stop-start"
minor: terminology/inappropriate for context - "partake"

{src_lan} source: {origin}
{tgt_lan} translation: {init_trans}
MQM annotations:

Table 18: Few-shot Estimate Prompt. {src_lan}: source language; {origin}: the source test sentence; {tgt_lan}:
target language; {init_trans}: the initial translation of the source test sentence.
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Trefine − α

Please provide the {tgt_lan} translation for the {src_lan} sentences.
Source: {raw_src}
Target: {raw_mt}
I’m not satisfied with this target, because some defects exist: {estimate_fdb}
Critical errors inhibit comprehension of the text. Major errors disrupt the flow, but what the text is trying
to say is still understandable. Minor errors are technical errors but do not disrupt the flow or hinder
comprehension.
Upon reviewing the translation examples and error information, please proceed to compose the final
{tgt_lan} translation to the sentence: {raw_src}. First, based on the defects information locate the error
span in the target segment, comprehend its nature, and rectify it. Then, imagine yourself as a native
{tgt_lan} speaker, ensuring that the rectified target segment is not only precise but also faithful to the
source segment.

Table 19: Refine Prompt Trefine − α. {tgt_lan}: target language; {src_lan}: source language; {raw_src}: the
source test sentence; {raw_mt}: the initial translation of the source test sentence; {estimate_fdb}: the estimation
feedback.

Trefine − β

Please provide the {tgt_lan} translation for the {src_lan} sentences.
Example:
Source: {src_example_1} Target: {tgt_example_1}
Source: {src_example_2} Target: {tgt_example_2}
Source: {src_example_3} Target: {tgt_example_3}
Source: {src_example_4} Target: {tgt_example_4}
Source: {src_example_5} Target: {tgt_example_5}
Now, let’s focus on the following {src_lan}-{tgt_lan} translation pair.
Source: {raw_src}
Target: {raw_mt}
I’m not satisfied with this target, because some defects exist: {estimate_fdb}
Critical errors inhibit comprehension of the text. Major errors disrupt the flow, but what the text is trying
to say is still understandable. Minor errors are technical errors but do not disrupt the flow or hinder
comprehension.
Upon reviewing the translation examples and error information, please proceed to compose the final
{tgt_lan} translation to the sentence: {raw_src}. First, based on the defects information locate the error
span in the target segment, comprehend its nature, and rectify it. Then, imagine yourself as a native
{tgt_lan} speaker, ensuring that the rectified target segment is not only precise but also faithful to the
source segment.

Table 20: Refine Prompt Trefine − β. {tgt_lan}: target language; {src_lan}: source language; {src_example_i}:
the source sentence of example i; {tgt_example_i}: the target sentence of example i; {raw_src}: the source test
sentence; {raw_mt}: the initial translation of the source test sentence; {estimate_fdb}: the estimation feedback.
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Figure 9: Improvement performance against the initial translation based on error type using different Estimate
strategies. GPT-4 denotes using GPT-4 with human estimation.
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