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Abstract

[Purpose/Significance] This study constructs a semantic retrieval model that
accepts modern vernacular Chinese as queries and automatically returns
the most relevant ancient agricultural text passages, providing scholars with
a more convenient method for retrieving and tracing ancient agricultural
knowledge.  [Method/Process] Using SikuBERT, pre-trained on the Siku
Quanshu (Complete Library of the Four Treasuries), as the base model, and
employing a contrastive learning approach, the model was further trained
using a self-constructed ancient agricultural text dataset to develop a semantic
retrieval model capable of supporting modern vernacular Chinese queries
and returning ancient agricultural text passages most semantically similar
to the queries. [Results/Conclusion] The Spearman coefficient of the ancient
agricultural text semantic retrieval model reaches 86.51% on the test set,
representing an improvement over the baseline model’ s performance of 83.69%.
The recall performance (recall@k) on the self-constructed ancient agricultural
text retrieval test set also demonstrates improvement over the baseline model,
indicating that the model achieves relatively good retrieval effectiveness
on ancient agricultural texts. However, limited by the scale of the ancient
agricultural text training corpus, considerable room for improvement in the
model’ s training effectiveness remains.
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Abstract:

[Purpose/Significance] This study constructs a semantic retrieval model that
enables users to query in vernacular Chinese and automatically returns the
most relevant ancient agricultural text passages, providing scholars with more
convenient methods for retrieving and tracing ancient agricultural knowledge.
[Method/Process] Using SikuBERT—pre-trained on the Siku Quanshu corpus
—as the base model, we employ contrastive learning methods to continue train-
ing the model on a self-constructed ancient agricultural text dataset, obtain-
ing a semantic retrieval model that supports vernacular queries and returns se-
mantically similar ancient agricultural passages. [Results/Conclusions] The
Spearman coefficient of the ancient agricultural text semantic retrieval model
reaches 86.51% on the test set, representing improvement over the baseline
model’ s 83.69%. Recall performance on our self-constructed ancient agricul-
tural retrieval test set also shows enhancement over the baseline, demonstrating
effective retrieval capability for ancient agricultural texts. However, limited by
the scale of training corpora, there remains substantial room for improving the
model’ s recall@k performance.
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1 Introduction

China is one of the world’ s great ancient civilizations with millennia of uninter-
rupted agricultural tradition and history. Ancient Chinese agricultural books
serve as the primary carriers of traditional agricultural experience, knowledge,
productivity, and historical essence—works on agricultural production knowl-
edge written by Chinese scholars before modern Western agronomy influenced
China. These texts preserve vast amounts of material awaiting exploration
and represent precious historical cultural heritage. Traditional cultivation tech-
niques remain largely adaptable for modern agriculture and continue to provide
practical guidance for contemporary agricultural problems. However, ancient
agricultural books are written in classical Chinese without punctuation, mak-
ing them inaccessible to the general public. Their value nonetheless requires
inheritance and promotion.

By leveraging machine learning and deep learning technologies to excavate
knowledge from these texts, we can not only facilitate academic research but
also promote the integration of outstanding cultural heritage with contempo-
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rary social development and provide public knowledge services. Between 2017
and 2022, multiple national policy documents—including the “Opinions on Im-
plementing the Excellent Traditional Chinese Culture Inheritance and Devel-
opment Project,” the “14th Five-Year Plan for National Economic and Social
Development,” and the “Outline for 2035 Long-Range Objectives” —have pro-
posed advancing excellent traditional Chinese culture, strengthening protection
and utilization of cultural relics and ancient books, promoting digitalization of
ancient books, and excavating their contemporary value to bring cultural relics
and written heritage to life.

To understand scholars’ needs regarding ancient Chinese agricultural books, we
conducted literature surveys of published papers on CNKI. Analysis reveals that
agricultural history researchers and related students primarily use these texts,
typically employing cataloging, collation, and compilation methods for analy-
sis. Agricultural researchers generally consult ancient texts when modern agri-
cultural problems arise, seeking historical precedents for current issues, related
policies, and other information to develop new agricultural models. They require
the ability to quickly query comprehensive ancient agricultural texts based on
themes, keywords, or descriptions. Currently, specialized ancient agricultural
book databases include the China Agricultural Civilization Network (providing
search services for 16 agricultural texts), the Agricultural Heritage Information
Platform of Nanjing Agricultural University (offering classified browsing and
full-text search for over 200 agricultural classics), and the Chinese Academy of
Agricultural Sciences Library’ s digitization project for important agricultural
texts. However, these systems still rely primarily on keyword or full-text re-
trieval, requiring complex search expressions and multiple rounds of searching
for comprehensive results, with high barriers for scholars unfamiliar with ancient
texts.

Semantic retrieval transcends literal matching to capture users’ true intentions
behind their queries, returning the most relevant results. Current implemen-
tation approaches include statistical feature-based, ontology-based, and vector-
based semantic retrieval. This study employs vector semantic retrieval, where
the system represents user queries and document collections as vectors reflect-
ing their core features, indexes them in high-dimensional vector space, and
calculates similarity using cosine similarity or Manhattan distance to identify
semantically similar sentences and return relevant documents. This approach
allows users to input natural language queries without specialized training or
complex search syntax.

Our research focuses on constructing a semantic retrieval model for ancient
agricultural texts based on the BERT framework. Using parallel corpora of
10 ancient agricultural texts and their translations—including Liishi Chungiu -
Shangnong, Guanzi- Diyuan, Kangcangzi+ Nongdao, and others—we build
a model enabling semantic retrieval from vernacular to classical Chinese,
automatically returning all ancient agricultural passages relevant to input
queries. This provides scholars with convenient ancient agricultural knowledge
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retrieval and traceability methods.

2.1 Semantic Retrieval

In industrial applications requiring retrieval of relevant documents from large
databases, semantic retrieval typically employs a multi-stage ranking strategy
to balance efficiency and effectiveness, consisting of recall and reranking stages.
Both stages evaluate query-document relevance but use different models accord-
ing to their purposes. The recall stage aims to retrieve all potentially relevant
documents from vast collections for the reranking stage. With fewer documents
to consider, the reranking stage employs more complex models to reorder the
recalled documents, with one or more rerankers processing the list sequentially
to generate final results. The recall stage prioritizes efficiency and high recall,
while reranking emphasizes effectiveness.

Semantic retrieval has evolved through three stages: term-based retrieval, fea-
ture representation-based retrieval, and neural semantic retrieval. Initially,
queries and documents were represented as discrete terms (e.g., BM25 + TF-
IDF weights) managed through inverted indexing. While simple and powerful,
this approach suffers from vocabulary mismatch and independence assumptions
that may fail to capture document semantics. Feature representation methods
used manually crafted features to build representation functions, such as query
expansion, translation models, and document expansion techniques. After 2013,
embedding technologies were applied to semantic retrieval, with dense word em-
beddings alleviating vocabulary mismatch. After 2016, deep learning enabled
neural semantic retrieval methods that use neural networks to build represen-
tation and scoring functions, learning deep semantics and complex interactions
end-to-end from data.

Currently, only vector semantic retrieval can support semantic similarity-based
retrieval from vernacular to classical Chinese. Applications include: when writ-
ing and wanting to quote an ancient text but forgetting the exact wording while
remembering its meaning; when reading ancient texts and wanting to check the
evolution of a concept; or when needing to verify historical precedents for mod-
ern agricultural practices. Users can directly input modern descriptions into
the semantic retrieval system to automatically return the most relevant ancient
passages.

2.2 Related Pre-trained Models

With deep learning development, model parameters have increased dramatically,
requiring larger datasets for full training and overfitting prevention. However,
constructing large-scale annotated datasets presents enormous challenges. Pre-
trained models can learn good language representations and better initialization
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parameters from easily obtainable large-scale unannotated data, which can then
be applied to other tasks. In ancient Chinese processing, where annotated re-
sources are scarce, pre-trained models are essential for enhancing low-resource
text processing.

Currently, few pre-trained language models exist for ancient Chinese. Avail-
able models include Beijing Institute of Technology’ s GuwenBERT, SikuBERT
and SikuRoBERTa, and Nanjing Agricultural University’ s WANG and Bert-
Ancient-Chinese—all BERT-based models trained on different corpora. Guwen-
BERT uses the Dazhige ancient Chinese corpus (15,694 books, 1.7B characters,
simplified Chinese) for continued training on Chinese RoBERTa. SikuBERT
and SikuRoBERTa, built on Chinese BERT and RoBERTa respectively, use
the Siku Quanshu corpus (536,097,588 characters, traditional Chinese) through
domain-adaptive training. Bert-Ancient-Chinese combines ancient corpora with
Chinese BERT for continued training, supporting both traditional and simpli-
fied Chinese with a larger vocabulary (38,208 vs. SikuBERT” s 29,791).

For cross-lingual retrieval from vernacular to classical Chinese, only Nanjing
Agricultural University’ s BTThBER and ZHANG’ s XLsearch-cross-lang-search-
zh-vs-classicical-cn exist. BTfhBER continues training Chinese BERT on 24
Histories parallel corpora, while XLsearch-cross-lang-search-zh-vs-classicical-cn
trains on ~900,000 classical-vernacular sentence pairs. However, these models
show limited effectiveness for retrieving within ancient agricultural texts specif-
ically.

3.2 Construction of Ancient Agricultural Text Pre-trained
Model

This study constructs an ancient agricultural text semantic retrieval model that
uses vernacular queries to retrieve the k most semantically similar ancient agri-
cultural passages from a database. The experiment comprises four stages: cor-
pus preprocessing, model training, semantic retrieval task testing, and model
evaluation.

We constructed a semantic retrieval dataset from 10 ancient agricultural texts
and their translations, including Qimin Yaoshu, Nongsang Jiyao, Nongshu,
Nongzheng Quanshu, Liishi Chungiu - Shangnong (four chapters), Guanzi-
Diyuan, Kangcangzi+ Nongdao, and others. Translations were sourced from
Liang Le and Xu Hong’ s vernacular translations (1995) and Donglu Wang’
s annotated translations. After cleaning and alignment, we obtained 9,542
classical-vernacular parallel sentence pairs, divided into training, validation,
and test sets at an 8:1:1 ratio.
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3.2.1 Training Model Selection

Based on pre-experimental results, we selected PyTorch versions of SikuBERT
and BERT-Base-Chinese as base models. BERT (Bidirectional Encoder Repre-
sentations from Transformers), proposed by Google in 2018, uses Transformer
as its bidirectional encoder. Through masked language modeling (MLM) and
next sentence prediction (NSP) tasks, BERT learns contextual word represen-
tations and sentence relationships, supporting downstream tasks requiring deep
semantic understanding. BERT-Base-Chinese is trained on Chinese Wikipedia,
while SikuBERT is domain-adapted for ancient Chinese processing using the
Siku Quanshu corpus.

3.2.2 Model Training Method

We employed the SimCSE supervised training framework. Native BERT is un-
suitable for sentence embeddings as it lacks independent sentence representation
calculation, instead using cross-encoding that concatenates sentence pairs—re-
sulting in high computational cost and poor performance on similarity metrics
like cosine similarity. SimCSE is a simple contrastive learning framework that
significantly improves sentence embedding quality for semantic textual similar-
ity tasks.

SimCSE pulls semantically close sentences together while pushing dissimilar
ones apart. Besides using provided contradictory data as hard negatives, it
treats other sentences in the same batch as negatives. During training, for N
triplet sentence pairs in a batch, each sentence has one positive and N-1 nega-
tive examples. SimCSE also improves anisotropy through alignment (measuring
expected distance between positive pairs) and uniformity (measuring evenness
of embedding distribution). Empirical analysis shows that optimizing align-
ment and uniformity aligns with contrastive learning objectives and improves
performance.

We used BERT-Base-Chinese and SikuBERT as base models with SimCSE’ s
supervised framework to train the ancient agricultural text semantic retrieval
model on our dataset.

3.2.3 Model Evaluation Metrics

Spearman’ s Rank Correlation Coefficient: This non-parametric measure
evaluates dependence between two variables using monotonic functions. When
data contain no repeated values, a Spearman coefficient of +1 indicates perfect
monotonic correlation. It measures ranking rather than actual scores, making
it suitable for evaluating sentence embeddings. We calculate the correlation
between cosine similarity of sentence embeddings and gold labels to assess se-
mantic similarity.

Recall@k: This measures the ratio of relevant results retrieved in the top-k re-
sults to all relevant results in the collection, indicating retrieval system compre-
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hensiveness. The formula is: Recall@k = true_ {positives}@k / all_ {positive},
where true_ {positives}@k represents positive examples in k predictions and
all_{positive} represents all positives in the full collection.

3.2.4 Model Parameter Settings

Table 1 shows the hyperparameters used for training the ancient agricultural text
semantic retrieval model. Due to SimCSE-SikuBERT’ s superior performance,
we adopted its parameters: maximum input sequence length of 128, training
batch size of 64, learning rate of 5e-5, warmup steps of 10% of training data,
and 3 training epochs.

4.1 Spearman Coefficient

Direct application of SikuBERT and BERT-Base-Chinese on the validation set
yielded Spearman coefficients of 83.69% and 69.52%, respectively. After Sim-
CSE training, SimCSE-BERT-Base-Chinese and SimCSE-SikuBERT achieved
86.14% and 86.51% on the validation set, respectively—substantial improve-
ments demonstrating that the models learned relevant ancient agricultural
knowledge.

4.2 Model Effect

As shown in Table 2 , trained SimCSE-BERT-Base-Chinese and SimCSE-
SikuBERT demonstrate stronger recall on the test set expanded using
the Bloom large language model compared to direct use of base models.
SimCSE-SikuBERT shows the best overall performance.

4.3 Retrieval Effect

We conducted small-scale retrieval experiments using SikuBERT and the trained
semantic retrieval model with a dual-encoder architecture. Queries and database
passages were encoded into dense vectors using the same encoder, with cosine
similarity calculating relevance. Given the small corpus size, we returned the
top-2 scoring passages.

We collected 108 agricultural texts containing 14,133 ancient agricultural pas-
sages based on Wang Yuhu’ s Catalogue of Chinese Agricultural Books. Table 3
presents retrieval examples (converted to simplified Chinese using OpenCC for
readability). The trained semantic retrieval model retrieves higher-quality sen-
tences, finding not only the exact classical matches to modern descriptions but
also semantically similar passages, effectively enhancing retrieval effectiveness
and enabling knowledge traceability.

However, limited by ancient agricultural corpus scale and quality, the model’ s
performance remains suboptimal. Training pairs often exhibit high lexical over-
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lap, causing the model to seek surface similarity rather than semantic similarity.
The absence of hard negatives in our dataset also constrains further improve-
ment. Paragraph vector quality is heavily influenced by segmentation methods,
and appropriate information organization is needed for better retrieval results.

Future work will explore suitable training paradigms for small samples, inves-
tigate transfer learning from cross-lingual pre-trained models, and incorporate
existing ancient agricultural historical knowledge into model training to achieve
better semantic retrieval performance.
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