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Article

End-to-End English to Chinese Place Name Translation
Based on Large Language Models

Liu Hanyou and Mao Xi *

Chinese Academy of Surveying and mapping; Beijing 100036; China
* Correspondence: wangjz@casm.ac.cn

Abstract: At present, the pipeline-based English-Chinese place name translation method separates the
process of transliteration and free translation of place names, which poses a risk of error propagation.
This study proposes an end-to-end English-Chinese place name translation method based on a large
language model (LLM). The aim is to achieve end-to-end English-Chinese place name translation,
thereby improving the accuracy of large-scale place name translations. The proposed method is
divided into two main parts: (1) Joint translation of common and specialized names. This study uses
place name categories, and alphabetical sequences of place name words as prompts to achieve joint
translation of common and specific names. (2) Knowledge graph enhancement. This study utilizes
knowledge from a derived place name knowledge graph as a prompt to enhance the translation effect
of derived place names. Experiments have shown that compared to traditional pipeline-based place
name translation methods, the place name translation method proposed in this study based on a large
language model has improved performance by 21.26% in the field of ordinary place name translation
and an average of 27.70% in the field of derived place name translation. This method effectively
improves the performance in the field of large-scale English-Chinese place name translation.

Keywords: English-Chinese place name translation; common and specific names joint translation;
derived place name translation; knowledge graph enhancement

1. Introduction

The translation of place names is the process of converting the names of geographical entities from
the source language to the target language. English place names usually have two parts: a specific name
that identifies the location and a generic name that describes the type of place [1]. Unlike general text
translation, in translating English into Chinese place names, the strategy usually involves a “semantic
translation of the common name and phonetic translation of the specific name” [2]. For example, in the
translation process of English into Chinese place names, the specific name “Palms” in the Australian
place name “Palms Restaurant” is transliterated as “帕姆斯” and the generic name “Restaurant”
is translated into the semantically similar “餐厅”. Furthermore, the derivation of place names is a
common method of naming geographical entities [3], and there are many derived place names in
the place name data. In the translation process, for original and derived place names with obvious
derivation relationships, the consistency of translation for the derived parts should be maintained [3,4].
For example, in place names with a generic name derivation relationship like “Jackson Park” and
“Jackson Park Road”, the derived part “Park” in both names should be translated as “公园”, “Jackson
Park” and “Jackson Park Road” being translated as “杰克逊公园” and “杰克逊公园路” respectively.
In English-Chinese place name translation, the combined translation of common and specific names
helps reduce error propagation during the translation process. At the same time, consistency in
the translation of derived place names enhances the accuracy of place name translation. However,
currently, the translation of end-to-end English-Chinese place names remains unexplored. Therefore,
this study aims to explore an end-to-end English-Chinese place name translation method based
on large-language model technology to improve the translation quality of English-Chinese place
names. This provides an efficient and well-performing machine translation tool for English-Chinese
place-name translation. The main challenges faced in this study are the following:
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(1) How to design prompt engineering to enable large language models to achieve combined
translation of common and specific names?

(2) How to use a knowledge graph to enhance the translation accuracy of derived place names in
English and Chinese translations?

By addressing the above issues, the main contributions of this study are as follows:
(1) Design a prompt for the joint translation of common and specific names. Based on the features

of semantic association between common names and place name categories, this study selects place
name categories as prompt words for generic name translation. At the same time, considering the
phonetic translation of specific names, the alphabetical order of place names is used as a cue and placed
to the right of the place names. This experiment shows that both the category of place names and the
alphabetical sequence of place name words can effectively improve the accuracy of English-Chinese
place name translation tasks.

(2) Enhancing the translation of derived place names based on the knowledge graph. This study
uses a knowledge graph-enhanced approach to create prompts for translating derived place names.
Experiments show that this method effectively improves the translation of derived place names.

The structure of the article is as follows: Chapter 2 introduces the research status in the fields
of machine translation and place name translation. Chapter 3 introduces the end-to-end place
name translation method based on large language models, mainly including the construction of
combined translation prompts for common and proper names and knowledge-enhanced prompts for
derived place names. Chapter 4 introduces a comparative experiment of translation prompts for the
combination of common names and proprietary names, and knowledge enhancement prompts for
derived place names. Chapter 5 summarizes the achievements of this study, the existing shortcomings,
and prospects.

2. Related Work

To produce English-Chinese place names more efficiently, machine translation of English-Chinese
place names has always been a popular topic among place name translators. English-Chinese place
name translation based on LLM mainly involves general machine translation based on large language
models and the field of place name translation, and researchers have conducted many studies on this.

(1) Machine translation based on LLM
With the impressive performance of LLM in various natural language processing tasks, many

researchers have applied large language models to machine translation tasks. Large language models,
unlike traditional machine translation systems, use end-to-end learning to understand language
correspondences, resulting in stronger translation capabilities [5]. Large language models mainly
stimulate machine translation capabilities through methods such as contextual learning, prompt
learning, and instruction fine-tuning [6]. Radford et al. (2019) [7] first demonstrated through research
that prompt learning has great potential in the field of text generation (such as machine translation
and summarization). Subsequently, many researchers have worked on improving machine translation
using LLM, focusing on prompt optimization and model fine-tuning. In terms of prompt optimization,
Jiang et al. (2024) [8] showed that correct prompts and contextual information can improve the
performance of ChatGPT in machine translation tasks. In the area of few-shot prompting, Chen
Yufeng (2023) [9], Moslem et al. (2023) [10] demonstrated that retrieving similar translation examples
from the source language input as prompts can effectively improve machine translation results. In
addition to using the source language context as prompts, Harritxu et al. (2024) [11] also considered the
target language context as prompts, enhancing machine translation performance. In terms of model
fine-tuning, Zhang et al. (2023) [12] compared the performance of zero-shot, few-shot, and QLoRA
fine-tuning in machine translation tasks, showing that QLoRA fine-tuning has higher performance
than the other two methods. Haoran et al. (2024) [13] studied the limits of using human-generated
data for full fine-tuning in machine translation with medium-sized language models. They used the
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CPO (Contrastive Preference Optimization) method to help these models perform as well as large
language models.

(2) Translation field for the place name
In place name translation, researchers typically use a pipeline method. They separate the task into

parts like identifying common and specific names, transliterating specific names, and then combining
the translations of both types. For these subtasks, many researchers have conducted studies using
statistical and deep learning methods. On this basis, researchers have also considered the situation of
derived place names and conducted related research on the translation of derived place names.

(1) In the aspect of distinguishing between common and specific names, Yan et al. (2021) [14]
proposed a method that uses a grammatical structure tree for place names. It builds a structure tree by
analyzing the relationships between place name words and decomposing place name phrases. Then, it
classifies the tree nodes to differentiate between common and proper names.

(2) In terms of proper name transliteration, Zhao et al. (2016) [15] used a Russian-Chinese phonetic
transcription table and the forward maximum matching principle to transcribe Russian-Chinese place
names. Addressing the issues of phonetic generation and syllable division, Yan et al. (2019) [16]
tackled phonetic generation and syllable division in English-Chinese name transliteration. They used
an encoder-decoder model to treat phonetic generation as translating English words into Chinese
characters. Their method, based on recurrent neural networks, achieved syllable segmentation using
the minimum entropy principle. On this basis, Wang et al. (2020) improved phonetic segmentation
for proper name transliteration. They used a bidirectional maximum matching method to resolve
cross-type ambiguities. Additionally, they enhanced the transliteration results with prior knowledge.

(3) In terms of integrating the translation results of common names and specific names, Mao et
al. [17] use an attention-based transliteration replacer to decide if the model’s result should be replaced,
based on the input word vector’s attention weight, integrating translations of common and specific
names. Based on the place name syntax tree, Ren et al. [18] use a nested translation method to combine
the translation of each node in a place name syntax tree, achieving the final translation. This approach
is applied to translate English and Arabic place names into Chinese.

(4) In the field of translation of derived place names, Huo Bocheng (2016) [3] analyzed the
characteristics of derived place names and proposed some suggestions for their translation methods.
Based on this, Liu Hanyou (2022) [4] proposed an English-Chinese derived place name translation
method based on a derived place name knowledge graph. This method uses geostatistics to build
a knowledge graph of place names and then uses this information as nodes in a grammar tree to
translate the place names.

Currently, in the field of machine translation, LLM models have shown good performance in
machine translation tasks compared to traditional machine translation models. To retain the knowledge
of pretraining tasks in machine translation tasks, researchers mainly use “prompt learning + fine-tuning”
for optimization. In the field of place name translation, a pipeline approach is mainly used, which
separates the transliteration and translation processes of place names. This method poses a risk of
error propagation. However, research on the joint translation of general names and specific names
is still in its infancy. In response, this study adopts a prompt learning method, using large language
models to achieve end-to-end English-Chinese place name translation.

3. Materials and Methods

Place names contain not only geographical environmental characteristics but also human
environmental characteristics [19]. The human geographical information contained in English place
names is widely available on the Internet. In order to retain the local geographical information of
English-speaking countries, this study uses a large language model with Internet world knowledge to
learn the mapping of English place names to Chinese place names through prompt learning [20]. This
method is mainly divided into two parts (As shown in the Figure 1): (1) Construction of general and
specific name translation prompts. This study analyzes the characteristics of general and specific name
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translations. It uses word letter sequences and place name categories as translation prompts. This
approach enables the large language model to learn the mapping process from English place names and
translation prompts to Chinese place names. (2) Knowledge graph enhancement. This study is based
on the principle of translation consistency for derived place names. It uses a knowledge-enhanced
method that relies on knowledge graphs. This method helps identify derived place names. It also
retrieves related knowledge through knowledge retrieval. This information is used as a translation
prompt for derived place names. As a result, the contextual information of the place names is enhanced.
This approach improves the accuracy of place name translation. In this regard, this article uses the
large language model ChatGLM based on the GLM [21] framework as the language model for place
name translation. In natural language understanding and generation tasks, the GLM framework
outperforms traditional models such as Bart [22] and UniLM. At the same time, in order to save
computing power costs, this study used Lora fine-tuning [23] for model training.

Instruction: 
       Translate the input English place name into Chinese based on 
contextual information
Input: Place name category
            Word letter sequence
            Related information on derived place names
Ouput:

Derived place names
knowledge graph 

Knowledge Enhancement

LLM

Figure 1. A place name translation framework based on large language model. In the Figure 1, the
light green prompt words represent the transliteration prompt words of common names, the red is the
transliteration prompt words of specific names, and the yellow is the enhancement prompt words of
the derived place name knowledge graph.

3.1. Construction of General and Specific Name Translation Prompts

From a linguistic perspective, the phonetic transcription of English-specific names is related to the
pronunciation of the English-specific-names, which in turn is related to the letter sequences that make
up the specific names [24,25]. Therefore, the phonetic transcription of English-specific names is related
to those letter sequences. For the phonetic transcription of English-specific names, this study selects
the letter sequences of place names as the prompt for phonetic transcription. To indicate the affiliation
between place names and their letter sequences, each letter sequence of a place name is marked with
special characters ’<’ and ’>’. These characters serve as the beginning and ending symbols of the
sequence. Each letter sequence is placed to the right of its corresponding place name (As shown in
Table 1). In the semantic translation of English common names, the semantic translation is related
not only to the semantics of the common name itself but also to the contextual information of the
place-name category. In the process of translating place names, the category information of place
names helps to eliminate the ambiguity of common names [18,26]. For example, in the Australian place
name ’Poatina Golf Course’, the common name ’Course’ can mean road, site, etc. Since the place name
category is ’Golf Course’, it can be determined that the meaning of ’Course’ should be site. From the
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perspective of semantic association of place names, specific names have the function of distinguishing
similar place names [15,27], and have a weaker semantic association with place name categories; while
common names have the function of describing place name categories and have a stronger semantic
association with place name categories [28]. In the process of translating common names, place name
category information has the function of eliminating the ambiguity of common names. Therefore, this
study selects the category information of place names as the prompt for the semantic translation of
common names (As shown in Table 1 below). Therefore, this study uses English place name letter
sequences and categories to help a language model learn how to translate English place names into
Chinese (As shown in the Formula (1) and (2) below).

Table 1. Prompt for joint translation of common and specific names.

Template English place name words and their letter sequences is [LS].
The category information of geographic name is [C].

LS Elder < E l d e r > Hill < H i l l >
C Mountain

In Table 1, LS is a prompt word for transliterating specific names, and C is a prompt word for translating generic
names.

PCt = LLM(Ct|C0, C1, ..., Ct−1; Ew0, Ew1, ..., Ewn; Ews0, Ews1....Ewsn; Ec) (1)

Ewsi = L(Ewi), Ewi ∈ E (2)

In Equations (1) and (2), LLM represents the large language model. PCt represent the probability of
generating the t-th word Ct in the target sequence. Ct−1 represents the sequence of the t-1-th words
in the target sequence. Ewi denotes the i-th word in the input sequence. Ewsi indicates the letter
sequence corresponding to the i-th word in the input sequence. L represents mapping a word to its
corresponding letter sequence. Ec represents the category of place names.

3.2. Knowledge Graph Enhancement

Based on phonetically translating specific names and semantically translating generic names, the
translation of the derived parts needs to be consistent with the translation of the original place names.
Therefore, this study adopts a knowledge graph-enhanced approach, retrieving relevant information
from the knowledge graph of derived place names as a prompt for the place name to be translated (As
shown in Figure 2 below). Therefore, the construction of knowledge-enhanced derived place name
translation prompts is roughly divided into two steps: the construction of the derived place name
knowledge graph and the construction of the derived place name translation template.

Figure 2. Enhanced knowledge graph of derived place names.

(1) Construction of a derived place name knowledge graph. According to the requirements of
the derived place name translation task, this study adopts a top-down approach [29,30] to construct a
derived place name knowledge graph, which is roughly divided into two steps: ontology design and
entity filling. (1) Ontology design (As shown in the Figure 3). This study selects OWL as the ontology
knowledge description framework for the derived place name knowledge graph. (1) Class definition.
This study chooses derived place names, original place names, fully derived parts, generic derived
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parts, and fully derived parts as classes of the derived place name knowledge graph. (2) Definition
of relationship. Based on the types of place name derivation relationships, this study selects fully
derived relationships, generic derived relationships, and specific name-derived relationships as object
properties of the derived place name knowledge graph. These derived relationships are directional and
asymmetric (pointing from original place names to derived place names). (3) Definition of attributes.
This study selects the source language name and the target language name as data attributes for each
class, the data attribute domain being each class, and the range being ’xsd: language’ (As shown in
Table 2). (2) Entity filling. This study adopts a machine learning-based method to identify place name
derivation relationships [31,32] to extract the corresponding entities and relationships from the vector
data of geographical entities in the target area.

Derived 
toponym

Original
toponym

Proper noun derived relationship

General name derived relationship

Fully derived relationship

Generic name 
derived part

Proper noun 
derived part

Fully derived 
part

Derived Part

Derived Part

Derived Part

Figure 3. The classes and relationships of derived geographical names knowledge graph. In Figure 3,
circles represent classes and lines represent relationships.

Table 2. Definition of attributes.

Domain Data Property Range

Original toponym
Source language name

xsd:language
Derived toponym

Generic name-derived part
Proper noun-derived part Target language nameFully derived part

In Table 2, Each category has data attributes ’Source language name’ and ’Target language name’, both of which
have a value range of ’xsd: language’.

(2) Construction of derived place name translation prompt. By the principle of consistency
in translating derived place names, and to distinguish between ordinary and derived place name
translation, this study selects the discrimination results of derived place names, derived parts, original
place names, and other related information as the prompt for translating derived place names. To this
end, this study first utilizes the relevant information of the place name to be translated to retrieve the
corresponding entity from the derived knowledge graph. If the corresponding entity exists, the place
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name is judged to be a derived place name, and the corresponding derived part and the source and
target language name information of the original place name are retrieved; otherwise, it is judged to be
an ordinary place name. Finally, the retrieval results are filled into the derived place-name translation
template (As shown in Table 3 below), forming the contextual information for translating derived
place names.

Table 3. Translation prompt words for derived place names.

Derived Toponym Jackson Park Road Stringybark Forest Reserve

Template

Is this a derived toponym? The answer is [DI].
The derived type is [DT].
The derived part is [DP].

The translation result of the derived part is [DPT].
The original place name is [OP].

The translation result of the original place name is [OPT].
DI Yes No
DT Completely derived
DP Park

DPT 公园
OP Jackson Park

OPT 杰克逊公园

In Table 3, if it is not a derived place name, the prompt words for knowledge graph enhancement are only the
recognition information prompt words for derived place names (blue part).

4. Discussion

The experimental data is sourced from the Australian and American place name data on the
Geoname official website, with a total of 30 069 English place name data. The English-Chinese
place name translation supervision dataset was provided by the “Global Geographic Information
Resource Construction and Maintenance Update” research group of the China Academy of Surveying
and Mapping. The experiment is mainly divided into the joint translation experiment of common
proper names and knowledge graph derived place name translation experiment. The experimental
environment and parameters for these two experiments are shown in Table 4. In addition, the Bart
model has an epoch of 40 and a batch size of 32, while the LLM model has an epoch of 15 and a
batch size of 4. All experimental indicators are Rouge-1, Rouge-2, Rouge-L, and Bleu-2 (As shown in
Equations (3)–(6)).

Table 4. Experimental environment and model parameters.

Parameter Name Parameter Values

Graphics card type V100 32G
Programming language Python 3.10.10

Deep learning framework Paddlepaddle 2.6.2

Model training parameters Learning rate: 1e-5, Max_length: 300,
Weight_decay: 1e-1

Lora fine-tuning parameters Target_modules: ’.*query_key_value.*’, R: 128, Lora_alpha: 16*128

Rouge−1 =
∑S∈Re f erenceSummaries ∑gram1∈S Countmatch(gram1)

∑S∈Re f erenceSummaries ∑gram1∈S Count(gram1)
(3)

Rouge−2 =
∑S∈Re f erenceSummaries ∑gram2∈S Countmatch(gram2)

∑S∈Re f erenceSummaries ∑gram2∈S Count(gram2)
(4)

Rouge−L =
(1 + β2)RlcsPlcs

Rlcs + β2Plcs
, Rlcs =

LCS(X, Y)
length(Y)

, Plcs =
LCS(X, Y)
length(X)

(5)

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 November 2024 doi:10.20944/preprints202411.2286.v1

https://doi.org/10.20944/preprints202411.2286.v1


8 of 11

Bleu−2 = BP · exp
2

∑
n=1

wn log(Pn), BP =

{
1 if c > r,

exp (1 − r
c ) if c ≤ r.

(6)

In Formulas (3)–(6), S represents the reference text. gram1 represents 1−gram. gram2 represents
2−gram. Countmatch represents the number of 1−grams matches in the candidate summary. Countgram1

represents the number of 1−grams appearing in the reference summary. LCS represents the length of
the longest common sequence. Pn refers to the precision of n-grams. wn refers to the weight of n-grams.
c represents the length of the machine translation translation. r represents the length of the reference
translation.

(1) The joint translation experiment of common proper names
The joint translation experiment of common proper names used 20 000 Australian English Chinese

place name translation data. The experimental data is used to construct the training set, validation set,
and test set in an 8:1:1 ratio. The traditional pipeline-style place name translation method was used
as the control group in the experiment, and word sequences of place names of different categories
and locations were selected as prompt words for comparative experiments to study the influence
of different prompt words on English-Chinese place name translation tasks. In order to compare
the accuracy of place name translation between the experimental groups, Bleu is selected as the
comprehensive evaluation indicator for this experiment. The experimental results are shown in Table 5
below.

Table 5. The joint translation experiment of common proper names.

Model Name Rouge-1 Rouge-2 Rouge-L Bleu-2 Lift

Basepipeline 71.99% 55.96% 69.94% 60.50%
ChatglmBase 84.14% 71.53% 84.02% 75.87% 15.37%
ChatglmLSrd 86.76% 74.16% 86.73% 79.14% 18.64%

ChatglmCLSrd 88.37% 77.46% 88.32% 81.76% 21.26%
ChatglmCLSpre f ix 87.71% 76.26% 87.68% 80.22% 19.72%

BartCLSrd 85.07% 73.94% 84.98% 77.93% 17.43%

• Basepipeline represents traditional pipeline style place name translation method;
• The subscript Base indicates that no prompt is added;
• Chatglm represents the ’Chatglm-6b’ large language model;
• Bart represents ’Bart-base’ pre-trained language model;
• The subscript LSrd indicates adding the letter sequence of the word to the right side of the word;
• The subscript CLSpre f ix uses the letter sequence of all words as the prefix of the entire input place name and adds the

place name category;
• The subscript CLSrd indicates adding the letter sequence of the word to the right side of the word while also adding the

place name category.

In Table 5, the experimental groups Chatglmbase and ChatglmLS_rd showed that adding word letter
sequences to the right of place name words improved the English Chinese place name translation
effect by 3.27%. The experimental groups ChatglmLS_rd and ChatglmCLS_rd showed that adding place
name category prompt words improved the English Chinese place name translation effect by 2.62%.
ChatglmCLS_pre f ix and ChatglmCLS_rd indicate that the method of using word sequences located on the
right side of words as place name prefixes has better place name translation performance compared to
using the entire word letter sequence as a place name prefix. The experimental groups ChatglmCLS_rd
and BartCLS_rd demonstrate that compared to traditional pre trained models, large language models
have higher performance in place name translation tasks. Compared with other experimental groups,
Basepipeline indicates that the place name translation method based on Prompt learning has better
performance than the pipeline based place name translation method, with the best performance
achieved by using place name categories and word letter sequences located on the right side of words.

(2) Knowledge graph derived place name translation experiment
The derived place name translation experiment used 10 069 American place name data. The ratio

of positive and negative case data is 1:1, with positive case data being derived from place-name data
and negative case data being ordinary place-name data. The experimental dataset is constructed with
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a ratio of 7:1.5:1.5 for the training set, validation set, and testing set. In this experiment, the method of
selecting place name categories and word letter sequence information as prompt words were used as
the control group, and prompt words composed of different derived place name-related information
were compared and studied. To compare the performance of place name translation among different
experimental groups, Bleu was selected as the comprehensive evaluation index for each experimental
group in this experiment. The experimental results are shown in the Table 6 below.

Table 6. Knowledge graph derived place name translation experiment.

Model Name Rouge-1 Rouge-2 Rouge-L Bleu-2 Lift

Basepipeline 60.28% 46.61% 59.05% 42.93%
LLMbase 71.99% 55.96% 69.94% 60.50% 23.83%

LLMdpt_dt_di 78.85% 61.84% 78.69% 68.71% 25.78%
LLMdp_dpt_dt_di 81.21% 66.30% 81.10% 71.99% 29.06%

LLMdp_dpt_dt_di_c 80.36% 64.75% 80.14% 70.92% 27.99%
LLMdp_dpt_di_c 81.89% 66.78% 81.70% 72.60% 29.67%
LLMdp_dpt_dt_c 80.80% 66.10% 80.64% 71.91% 28.98%
LLMop_opt_dt_di 77.41% 60.94% 77.20% 67.98% 25.05%

LLMopt_dt_di 80.37% 65.95% 80.20% 71.82% 28.89%
LLMop_opt_dt_di_c 80.75% 65.61% 80.55% 71.77% 28.84%

LLMop_opt_di_c 80.73% 65.90% 80.55% 71.79% 28.86%

• Basepipeline represents the adoption of a pipeline-based derived place name translation method based on statistical
models;

• LLM represents large language model (’Chatglm-6b’ large language model);
• base represents only selecting the category of the input place name and the letter sequence of the word located to the left

of the place name word as prompt words;
• dpt represents translation results of derived parts;
• dp represents derived parts;
• dt represents derived type;
• di represents derived place name identification information;
• c represents the category information of place names;
• op representing original place names;
• opt represents translation results of original place names.

In Table 6, the experiments of Basepipeline and LLMbase show that compared to traditional
pipeline-based derived place name translation methods, the method based on large language models
has a performance improvement of 23.83%. Compared with the LLMbase group, other experimental
groups showed that adding derived place name-related information as prompt words can improve
the translation effect of derived place names by an average of 27.70%. In multiple experiments, the
LLMdp_dpt_di_c experimental group showed the best performance, with both derived parts, derived
part translation results, derived place name recognition information, original place name category
information, and other prompt words, demonstrating the best performance in derived place name
translation tasks. But overall, the experimental group using derived part-related information as prompt
words performed slightly better in derived place name translation tasks than the experimental group
using original place name-related information as prompt words. The difference between these two is
not significant, with only an average performance improvement of 0.39%. Among the experimental
groups, the experimental group that utilized derived part translation results, derived place name
discrimination information, and place name categories had the relatively best performance. The
experiment shows that the method of using derived place name-related information as prompt words
in this article can effectively improve the translation performance of derived place names.

5. Conclusions

In response to the problem of error propagation in traditional pipeline-based place name
translation methods, this study proposes an end-to-end place name translation method based on
prompt learning. Experiments have shown that this method effectively improves the performance
of English-Chinese place name translation, and it helps to enhance the accuracy and efficiency of
large-scale English-Chinese place name translation. However, in the process of translating place names
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between English and Chinese, the translation of place name words also needs to refer to existing
translation results, as well as consider local customs, mineral resources, myths and legends, religion,
and other cultural and geographical information. In this regard, in the future, efforts will be made to
improve the accuracy of place name translation through few-shot learning and the integration of local
cultural and geographical information into place name knowledge maps.
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