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Abstract. Ancient Chinese, the natural language of ancient China,
serves as the key to understanding and propagating Chinese rich his-
tory and civilization. However, to facilitate comprehension and educa-
tion, human experts previously need to write modern language descrip-
tions for special entities, such as persons and locations, out of ancient
Chinese texts. This process requires specialized knowledge and can be
time-consuming. To address these challenges, we propose a new task
called Ancient Chinese Entity Description Generation (ACEDG), which
aims to automatically generate modern language descriptions for ancient
entities. To address ACEDG, we propose two expert-annotated datasets,
XunZi and MengZi, each containing ancient Chinese texts, and some
of them have been annotated with entities and their descriptions by
human experts. To leverage both labeled and unlabeled texts, we pro-
pose a retrieval-augmented pre-trained model called rT5. Specifically, a
pseudo-parallel corpus is constructed using retrieval techniques to aug-
ment the pre-training stage. Subsequently, the pre-trained model is fine-
tuned on our high-quality human-annotated entity-description corpus.
Our experimental results, evaluated using various metrics, demonstrate
the effectiveness of our method. By combining retrieval techniques and
pre-training, our approach significantly advances the state-of-the-art per-
formance in the ACEDG task compared with strong pre-trained models.

Keywords: Ancient Chinese · Entity Description Generation

1 Introduction

Throughout the extensive history of China, ancient Chinese texts are the essence
of national thought and cultural spirit. They serve as a bridge connecting history
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with modern culture and transmit valuable information to future generations.
Notably, ancient Chinese differs from modern Chinese in various aspects, includ-
ing vocabulary and syntax. To aid in comprehension and education, there are
several natural language processing tasks focused on ancient Chinese, such as
named entity recognition [1], poem generation [2], and couplet generation [3].

Different from these works, we deal with ancient Chinese from the entity
description view. That is to say, human experts previously need to annotate
ancient Chinese entities with modern Chinese descriptions, which is very time-
consuming and relies heavily on experts’ knowledge. To save human effort,
we propose a new task called Ancient Chinese Entity Description Generation
(ACEDG), aiming to automatically generate modern language descriptions for
ancient entities. As shown in Fig. 1, “ ” (Shentu Di) is a person entity
in the ancient Chinese sentence. ACEDG aims to generate a modern Chinese
description considering the contexts. In this example, the entity description
presents a brief biography of this person.

Fig. 1. An example of ACEDG. Our purpose is to generate modern Chinese descrip-
tions from ancient entities. The retrieval result demonstrates that retrieved texts have
the potential of providing extra knowledge to help generate.

The above example illustrates that interpreting ancient Chinese texts requires
not only contextual information but also expert knowledge. However, acquiring
such knowledge relies heavily on human experts with a solid background in
history and literature. Additionally, accurately conveying the importance of the
entity category presented in the original sentence poses another challenge. This is
due to the nature of the language itself, as ancient Chinese is markedly distinct
from modern Chinese in terms of sentence structure and vocabulary. Ancient
Chinese sentences feature complex combinations of content and function words,
alongside colloquial characters, making them more challenging to comprehend
than modern Chinese.

To deal with the above challenges, we propose a retrieval-augmented pre-
trained model called rT5. Concretely, we first construct pseudo-parallel cor-
pora based on different retrieval algorithms. By comparing different evaluation
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metrics, the corpus generated by the best retrieval algorithm is chosen as the
pre-training data for the model. Subsequently, we utilize retrieval techniques to
augment the pre-training phase and fine-tune the pre-trained model on our high-
quality human-annotated entity-description corpus. To verify the effectiveness of
our method, we conduct experiments on two expert-annotated datasets, XunZi
and MengZi. Each dataset contains ancient Chinese texts, and some of them have
been annotated with entities and their descriptions by human experts. Exten-
sive experimental results suggest the effectiveness of our method. By combining
retrieval techniques and pre-training with fine-tuning, our approach significantly
advances the state-of-the-art performance in the ACEDG task compared with
strong pre-trained models.

In summary, the contributions of this work are three-fold:

– We propose a new task called Ancient Chinese Entity Description Generation
(ACEDG) and propose two expert-annotated datasets, XunZi and MengZi.
To the best of our knowledge, though there are some works dealing with
ancient Chinese, we are the first to focus on ancient Chinese entity description
generation.

– To leverage both labeled and unlabeled texts, we propose a retrieval-
augmented pre-trained model called rT5 for promoting ACEDG task.

– Our experimental results demonstrate the effectiveness of our method. By
combining retrieval techniques and pre-training, our approach significantly
advances the state-of-the-art performance in the ACEDG task compared with
strong pre-trained models.

Table 1. The statistics of entity-description pairs for each type in the datasets.

category Person Location Thing Literature Official Institution Time Knowledge

XunZi 487 114 78 689 77 9 35 3822

MengZi 141 14 52 135 4 0 0 126

2 Dataset Construction

Two kinds of corpora are constructed in the experiments, including expert-
annotated datasets and retrieval-based pre-trained corpus. The first one is high-
quality ancient Chinese entities and corresponding entity descriptions. Due to
its high cost, the scale is relevantly small. Then the second one is constructed
based on retrieval techniques, which is cost-friendly.

Expert-Annotated Datasets. To address ACEDG, we propose two expert-
annotated datasets, namely XunZi and MengZi, which consist of ancient Chinese
texts that have been annotated with entities and their corresponding descriptions
by experts, who are professors at the school of history. The manual annotation
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of entities and their descriptions is conducted on the traditional Chinese Culture
books of XunZi and MengZi, resulting in a total of 5311 XunZi entity-description
pairs and 473 MengZi entity-description pairs. The entities are classified into
eight types, including person, location, thing, literature, official, institution, time
and knowledge. Table 1 presents the statistics of each entity type in the datasets.

Retrieval-Based Pre-trained Corpus. Since we only annotate a small frac-
tion of texts in the original XunZi and MengZi books, there still left many unla-
beled ancient Chinese texts. To leverage them, we first use the original XunZi
book to pre-train a BERT model [4], called XunZiBERT. Then the pre-trained
model is utilized to fine-tune for named entity recognition (NER), with F1 score
of more than 93.5%. The NER model is further leveraged to annotate entities
for two books, respectively. The pseudo-parallel corpus of ancient Chinese entity
descriptions is constructed by retrieving entity information of ancient Chinese
entities from more than 910,000 Wikipedia entries. Among them, the conver-
sion of traditional Chinese characters to simplified characters is completed by
Opencc. According to the principle of the retrieval enhancement model, dual
encoders are used to encode the information of ancient Chinese text entities
and Wikipedia respectively. The most relevant item is retrieved. The details are
shown in Fig. 2.

Fig. 2. An illustration of retrieval process. We first retrieve data from Wikipedia,
divide it into paragraphs of approximately equal length, and encode each paragraph
separately with the target encoder. Each time a pair of entity and entity descriptions is
generated, the entity is encoded, and the most suitable paragraph is used as the entity
description by dot multiplication.

3 Methodology

3.1 Problem Formulation and Overview

In this paper, we define a practical problem, i.e. ACEDG, and tackle this task by
leveraging external knowledge from retrieval. In practice, it is difficult to describe
an ancient entity only by its context. The reason is that a good description
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requires additional expertise and knowledge background. As the example shown
in Fig. 1, retrieval result, i.e. “Or Stuti. People of the Shang Dynasty. Di made
a strong recommendation to the king but was not accepted. He would rather go
to the river than betray his country.”, contains rich knowledge for improving
the quality of description. Therefore, in addition to the original text context
information in the ancient text, we introduce pre-training and retrieval methods.
A pseudo-parallel corpus is constructed through retrieval enhancement, which is
further used to pre-train the sequence-to-sequence learning model.

Formally, given a sentence x in ancient Chinese and an entity e in this sen-
tence, ACEDG task aims to generate the entity’s description y in modern Chi-
nese. Our method enhances ACEDG with retrieved knowledge k, which mainly
comprises the following three stages:

– Knowledge Retrieval: The ancient Chinese sentence x and entity e are
leveraged to retrieve modern Chinese knowledge k, which is regarded as the
pseudo-parallel pairs for the next pre-training stage.

– Pseudo-Parallel Corpus Pre-Training: ACEDG relies heavily on human
experts’ historical knowledge. Though pseudo-parallel pairs are noisy, they
still provide rich references for ACEDG. Thus, the retrieved sequences are
utilized to pre-train a generation model.

– Knowledge Enhanced Fine-Tuning: Finally, the pre-trained model is fur-
ther fine-tuned on expert-annotated datasets, i.e. XunZi and MengZi in a
knowledge-enhanced sequence-to-sequence learning manner.

Table 2. Evaluation results for various retrieval methods on the testing set of XunZi,
in terms of BLEU (%), Rouge-1 (%), Rouge-2 (%), Rouge-L (%), and Meteor (%).

Methods BLEU-1 BLEU-2 Rouge-1 Rouge-2 Rouge-L Meteor

BM25 8.17 0.39 9.05 0.57 7.63 3.9

Cosine 6.38 0.11 6.14 0.06 7.63 3.9

IDF 6.44 0.07 6.43 0.06 5.26 2.39

Jaccard 10.22 0.21 13.05 0.35 9.66 5.15

mContriever (e) 4.79 0.45 6.52 0.06 5.32 2.43

mContriever ([x; e]) 7.29 1.63 13.26 2.18 10.27 9.33

3.2 Knowledge Retrieval

To obtain external modern Chinese knowledge, we retrieve the sentences most
related to ancient Chinese entities from Wikipedia’s Modern Chinese corpus
Z. Concretely, the retrieval model mContriever [5] is adopted. Given an input
sentence x and one of its entities e in ancient Chinese, the retrieval model first
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selects a number of possibly helpful sentences {ki}M
i=1 from Z, where M � |Z|,

according to a relevance function f .

f([x;e],k) = Esrc([x;e])T Etgt(k) (1)

where [; ] indicates concatenation. Esrc and Etgt are the source and target sen-
tence encoders that map [x;e] and k to d-dimensional vectors respectively.

To explore the performance of multiple retrieval methods, we evaluate the
retrieval results on the testing set of XunZi. In other words, the retrieval sentence
is compared with the expert-annotated description. The results are shown in
Table 2. It can be seen that using [x;e] as a query can achieve the overall best
performance, which significantly outperforms only using ancient entity e. In
addition, compared with traditional methods, mContriever ([x;e]) also presents
superiority. The main reason is that mContriever uses dense representations,
which can effectively solve the out-of-vocabulary (OOV) problem. Based on these
results, we choose mContriever ([x;e]) for the following stages.

Fig. 3. An illustration of pre-training and fine-tuning processes.

3.3 Pseudo-Parallel Corpus Pre-training

In light of the retrieved knowledge k, we then pre-train our model rT5, which has
the same encoder-decoder structure as the previous T5 [6] and its related model
mT5 [7]. Initially, since ACEDG aims to generate descriptions for entities in
the ancient Chinese sentence, the target entity should be highlighted. Therefore,
we pre-process the input sequence by inserting special tokens that can empha-
size the entity type. As the example shown in Fig. 3, given the sentence “
, ” (“The meaning of learning is to start from being a scholar, and
finally to be a sage.”), we highlight the entity “ ” (“sage”) with its type
and become “< knowledge > < /knowledge >”. In this way, the original
input sentence x is formulated into xe .
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Then we pre-train rT5 with pseudo-parallel pairs in a sequence-to-sequence
learning manner. Assuming the parameter is θ, the overall pre-training objective
is to model the conditional probability pθ(k|xe). Concretely, at the t-th time
step, the decoder output kt is computed with the entity-highlighted input x and
the previous outputs k<t.

pθ(kt|xe ,k<t) = softmax(WTk<t) (2)

where W maps k<t into a vector, which can represent the probability distribution
over the whole vocabulary set.

Then rT5 is pre-trained with minimizing the cross-entropy loss,

L(xe ,k) = −
n∑

t=1

logpθ(kt|xe ,k<t) (3)

where n is the length of the external knowledge k.

3.4 Knowledge Enhanced Fine-Tuning

Finally, we fine-tune the model with the expert-annotated XunZi dataset. To
leverage external knowledge in this stage, modern Chinese knowledge k is simply
concatenated with formatted ancient Chinese sentence xe as the input. rT5 is
further fine-tuned by minimizing the cross-entropy loss.

L([xe ;k],y) = −
m∑

t=1

logpθ(yt|[xe ;k],y<t) (4)

where m is the length of the ground-truth target sequence y.

4 Experiments

4.1 Experimental Setup

Datasets. We conducted experiments on the expert-annotated datasets pro-
posed in Sect. 2. We divide XunZi dataset into training, valid and testing sets at
the ratio of 6:1:3. The statistics of datasets are shown in Table 3.

Table 3. Dataset statistics. Since the scale of MengZi is too small, all data is regarded
as the testing set to conduct an out-of-domain evaluation.

Dataset All Train Valid Test

XunZi 5311 3187 530 1594

MengZi 473 - - 473
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Evaluation Metrics. Both automatic evaluation metrics and human evalu-
ation are used to access the performance of models. The automatic evaluation
metrics include BLEU [8], Rouge [9] and Meteor [10]. Human Evaluation includes
fluency, semantic consistency, and meaningfulness of the texts.

Implementation Details. To complete our experiment, we propose a
retrieval-augmented pre-trained model called rT5. We first construct pseudo-
parallel corpora based on full-text data from the book of XunZi. Divide the
entire text into sentences, resulting in 8249 sentences. They are adopted to con-
struct the pseudo-parallel corpus.

The model used in the experiment adopts a unified parameter configuration
for fairness, the learning rate of the Adam optimizer is 3e−4, and the number
of iterations of each cycle is 100. The maximum sequence length of the input
(the entity length will not be very long, but the length of the entity description
information is limited) is set to 128.

Compared Methods. To make an extensive evaluation, we choose the following
strong baseline methods: 1) generation-based model: BART [11] and GPT [12];
2) auto-encoder model, such as UNILM [13], which treats generation task as a
sentence completion problem. Following UNILM, we also extend RoBerta [14]
to generate sequences; 3) to extract entities, we pre-train a BERT for NER,
called XunZiBERT, which can also be leveraged for ACEDG.

4.2 In-Domain Evaluation

Since rT5 is pre-trained on the XunZi book, we first evaluate its performance
on the expert-annotated XunZi. The results are shown in Table 4.

Firstly, it can be observed that compared with strong pre-trained language
models, rT5 achieves consistent improvements. Among the five models in the
first part of Table 4, BART performs the best. Nevertheless, rT5 significantly
outperforms BART. Secondly, compared with the naive retrieval results, i.e.
mContriever (e) and mContriever ([x;e]), rT5 also gains significantly. This fur-
ther illustrates the superiority of our model. Finally, we can see that removing
pre-training causes a consistent performance decrease, even reducing to the half
scores of rT5. It is worth noting that rT5 outperforms rT5 w/o pre-train by
+8.27% on BLEU-1 score, +12.84% on Rouge-1 score, and +3.73% on Meteor
score. This also validates that pre-training with pseudo-parallel corpus is crucial.

4.3 Out-of-Domain Evaluation

To further validate the effectiveness of our proposed rT5 model, we test it using
the entire MengZi dataset and obtain the results shown in Table 5. It is worth
noting that rT5 is pre-trained on XunZi books. All baseline models and rT5 are
fine-tuned on expert-annotated XunZi. After that, we directly evaluate rT5 and
all baseline methods on the expert-annotated MengZi. The reason for selecting
MengZi lies in its distinct philosophical perspective and unique set of entities
and explanations, which effectively introduces an out-of-domain challenge.
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Table 4. In-domain evaluation results compared with baseline methods. The best
scores of each column are marked in bold.

Methods XunZi

BLEU-1 BLEU-2 Rouge-1 Rouge-2 Rouge-L Meteor

XunZiBERT 3.21 0.16 9.91 0.55 9.35 2.34

GPT 4.73 0.37 10.49 0.61 9.83 3.39

RoBerta 4.97 0.32 11.82 0.74 10.20 5.38

UNILM 5.37 0.35 13.16 0.71 11.36 6.49

BART 7.84 0.88 14.70 0.83 13.79 7.67

mContriever (e) 4.79 0.45 6.52 0.06 5.32 2.43

mContriever ([x; e]) 7.29 1.63 13.26 2.18 10.27 9.33

rT5 17.32 3.78 31.78 2.59 30.68 13.24

w/o pre-train 9.05 1.02 18.94 0.97 18.74 9.51

Table 5. Out-of-domain evaluation results compared with baseline methods. The best
scores of each column are marked in bold.

Methods XunZi→MengZi

BLEU BLEU-2 Rouge-1 Rouge-2 Rouge-l Meteor

XunZiBERT 4.1 0.13 7.62 0.39 7.26 1.97

GPT 4.7 0.31 7.92 0.42 7.31 2.36

RoBerta 5.8 0.27 8.47 0.51 8.15 3.86

UNILM 6.3 0.28 8.94 0.47 8.75 4.35

BART 6.9 0.74 9.75 0.52 9.68 5.39

rT5 16.52 3.13 29.51 2.16 28.18 9.56

w/o pre-train 8.8 0.95 11.63 0.86 11.63 6.16

From Table 5, we can observe that rT5 achieves the best performance com-
pared with strong baselines. Among the five baseline models, BART performs
best. Then compared with it, rT5 still obtains significant improvements. By
removing pre-training, the performance also consistently declines. These eval-
uation results demonstrate that our model achieves good performance in the
out-of-domain setting, which signifies its ability to adapt to different domains
within the context of ancient Chinese literature. This finding not only validates
the robustness and versatility of the rT5 model, but also highlights its potential
for understanding and interpreting various ancient Chinese texts.

4.4 Human Evaluation

In assessing the ACEDG task, human evaluation is generally considered more
dependable and trustworthy than automated evaluation measures, due to the
task’s more nuanced, human-like nature. The assessment criteria consist of three
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Table 6. Human evaluation results, including average scores and the standard devia-
tion of three evaluators. The best scores of each row are marked in bold.

Model GPT BART UNILM rT5

Fluency 1.6 ± 0.5 2.5 ± 0.3 1.4 ± 0.4 3.6 ± 0.3

Consistency 1.2 ± 0.2 1.6 ± 0.4 1.2 ± 0.2 2.3 ± 0.4

Meaningfulness 1.4 ± 0.2 1.5 ± 0.4 1.1 ± 0.1 3.4 ± 0.4

distinct dimensions, each scored on a scale of 1 to 5. The fluency dimension
appraises the grammatical smoothness of the produced text. The consistency
dimension measures the degree to which the translated sentence preserves the
original sentence’s content. The meaningfulness dimension assesses whether the
words in the output sentence convey substantive meanings. The ultimate human
evaluation score is computed by taking the average of the scores assigned by
all human evaluators. The results are shown in Table 6. It can be observed that
among all three dimensions, rT5 generates entity descriptions with the best
quality. The human evaluation further verifies the effectiveness of our approach.

Fig. 4. An illustration of the case study.

4.5 Case Study

To further evaluate the proposed model, a case study is conducted. The details
are depicted in Fig. 4. These models are tested by generating an explanation
for the historical entity “ ” (Duke of Jinwen). For benchmarking, we
use a human expert’s explanation as a reference. Upon comparison, it can be
observed that the rT5 model’s output is the most accurate and comprehensive,
closely matching the reference description provided by the human expert. The
UNILM, BART, and GPT models’ outputs are not entirely correct, lacking depth
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and completeness compared with rT5. The superior performance of our rT5
model over existing sequence-to-sequence models demonstrates its potential in
facilitating the understanding and analysis of ancient Chinese texts.

5 Related Works

NLP Applications for Ancient Chinese. Previous studies have gained
great success by applying NLP techniques to ancient Chinese. To name a few,
Chang et al. leverage local features for named entity recognition [15]. Li et al. [2]
propose an approach that combines conditional variational autoencoder (CVAE)
and adversarial training for Chinese poem generation. To better produce smooth
poetry that fits the topic, Yang et al. [16] explore unsupervised machine trans-
lation (UMT) to generate classical Chinese poems from the vernacular, which
allows the controlling over the semantics of generated poems. Other interesting
works include couplet generation [3,17], a part of traditional Chinese culture and
formatted as two sentences with symmetrical meanings. In this work, we focus
on the entity description of ancient entities, which is meaningful for historical
and cultural diffusion.

Retrieval-Based Generation. To utilize external knowledge, many retrieval-
based generation works have been proposed. Guu et al. [18] propose to augment
the pre-training of language model based on retrieval. Wang et al. [19] propose
a new framework using retrieval methods to enhance the pre-training and fine-
tuning of general knowledge generation. The prototype candidate sentence is
retrieved by concept matching and used as an auxiliary input. In this paper, we
use a general-purpose dense retriever based on the dual-encoder architecture of
mContriever [5] to retrieve Wikipedia content according to the current context
content, entity type, entity information. This aims to generate a large number
of suitable pseudo-parallel corpus to enhance pre-training.

6 Conclusion

In this paper, we define a new task (i.e. ACEDG) and propose two expert-
annotated datasets (i.e. XunZi and MengZi), for promoting Chinese culture and
history. To tackle this task, a retrieval-augmented pre-trained model, i.e. rT5, is
proposed. Specifically, we first adopt the retrieval technique for building pseudo
pair of ancient Chinese entity and modern Chinese description. Then, the pseudo-
parallel corpus is leveraged to pre-train our model, which incorporates external
knowledge. Finally, rT5 is fine-tuned on the expert-annotated dataset with the
help of external knowledge. Experimental results under various metrics show that
our method can generate higher-quality entity descriptions. The rT5 model’s
success in this study highlights the potential of leveraging information retrieval-
enhanced techniques for dataset construction and domain-specific performance.
Future research can explore the application of these techniques in other domains
and languages to further enhance the understanding of ancient Chinese.
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