Pre prints.org

Article Not peer-reviewed version

Context-Aware and Task-Specific

Prompting with lterative Refinement for
Historical Texts

Jingjing Zhang "
Posted Date: 8 October 2024
doi: 10.20944/preprints202410.0470v1

Keywords: Iterative Refinement; Natural Language Processing

Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.



https://sciprofiles.com/profile/3679969

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 October 2024 d0i:10.20944/preprints202410.0470.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article
Context-Aware and Task-Specific Prompting with
Iterative Refinement for Historical Texts

Iterative Refinement for Historical Texts
Jingjing Zhang * and Yangshu Lin

Zhoukou Normal University
*  Correspondence: 20190121@stu.sqxy.edu.cn

Abstract: The advent of Large Language Models (LLMs) has significantly advanced natural language processing
(NLP), yet their application to historical texts remains challenging due to archaic language, distinct terminologies,
and varied contextual backgrounds. This study introduces Historical Domain Large Language Models, designed
to bridge this gap by adapting LLMs for better comprehension and processing of historical data. Our approach
leverages context-aware and task-specific prompts to enhance model performance in tasks such as named entity
recognition (NER), sentiment analysis, and information extraction within historical contexts. We propose an
iterative refinement process to improve prompt quality and model outputs continuously. Instruction tuning on
newly collected evaluation data ensures our methods’ efficacy, avoiding biases from previously used datasets.
Evaluations using GPT-4 demonstrate significant improvements in handling historical texts, underscoring the
potential of our approach to unlock profound insights from historical data. This work highlights the importance
of tailored LLM adaptations for specialized domains, offering a robust framework for future research in historical
NLP.

Keywords: iterative refinement; natural language processing

1. Introduction

In recent years, the development of Large Language Models (LLMs [1,2]) has revolutionized
natural language processing (NLP [3,4]), enabling significant advancements across various domains.
However, applying these models to historical texts presents unique challenges due to the archaic
language, distinct terminologies, and varied contextual backgrounds inherent in such documents.
Historical Domain Large Language Models aim to bridge this gap by adapting LLMs to better under-
stand and process historical data, providing tools for tasks such as named entity recognition (NER),
sentiment analysis, and information extraction in historical contexts [5].

The significance of this adaptation lies in the vast amount of historical data available, which,
if properly analyzed, can offer profound insights into past events, social structures, and linguistic
evolution. Traditional LLMs, however, often fall short when dealing with historical texts, primarily
due to their training on contemporary language corpora that lack the specific nuances of historical
language [6]. This leads to issues such as misinterpretation of context, failure to recognize outdated
terminologies, and poor performance on specialized tasks [7].

Our motivation stems from the need to enhance the capabilities of LLMs in handling historical
texts. Previous works, such as hmBERT for multilingual historical NER tasks [8], and efforts to extract
information from historical well records using LLMs [9], have highlighted both the potential and the
limitations of current approaches. By addressing these limitations, we aim to develop a more robust
framework for historical domain language modeling.

To tackle these challenges, we propose a novel approach that combines LLMs with instruction
tuning tailored for historical domains. The core of our method involves crafting detailed, context-aware
prompts that guide the model in understanding the specific characteristics of historical data. This
includes:
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1. Contextual Prompts: Providing background information relevant to the historical period and
events, such as "Identify key entities in the following text from 18th-century France, considering
the historical context of the French Revolution."

2. Task-Specific Prompts: Tailored for specific tasks like NER or sentiment analysis, for example,
"Extract all named entities related to geographic locations from this 19th-century British text."

3. Iterative Refinement: Implementing a feedback loop where initial outputs are analyzed to refine
the prompts further, ensuring continuous improvement in the model’s performance.

We further enhance this approach by conducting instruction tuning on the data obtained using
these prompts. This process involves fine-tuning the LLMs on the specially crafted prompts to
better adapt to the intricacies of historical texts. Our experiments collect a new set of evaluation
data specifically for this purpose, avoiding reliance on previously used datasets to ensure unbiased
assessment. The results are then evaluated using GPT-4, providing a comprehensive analysis of the
model’s performance and the effectiveness of our prompting strategy.

1. We introduce a novel method for crafting context-aware and task-specific prompts to improve
LLM performance on historical texts.
2. We propose an iterative refinement process to continuously enhance the quality of prompts and

model outputs.
3. We demonstrate the effectiveness of instruction tuning using newly collected evaluation data,

assessed with state-of-the-art LLMs, specifically GPT-4.

2. Related Work

In this section, we review the existing literature relevant to our research, focusing on two main
areas: Large Language Models (LLMs) and Instruction Tuning. These areas form the foundation of our
approach and provide the necessary background to understand the advancements and challenges in
this domain.

2.1. Large Language Models

Large Language Models (LLMs) have revolutionized natural language processing [10,11] and
computer vision [12,13] with their ability to understand and generate human-like text. The develop-
ment of models such as GPT-3 and GPT-4 by OpenAl has demonstrated unprecedented capabilities
in a wide range of tasks, from language generation to complex reasoning [1,6,14-17]. These models
utilize the transformer architecture, which allows for efficient handling of long-range dependencies in
text [18,19].

Several surveys and studies have explored the architecture and applications of LLMs. For instance,
[5] provides a comprehensive overview of the opportunities and risks associated with foundation
models, including LLMs. Another survey by [7] discusses the advancements in LLMs, highlighting
their impact on various Al applications and the ongoing research to enhance their efficiency and
performance.

Recent advancements have focused on improving the efficiency of LLMs through techniques like
model compression, efficient pre-training, and fine-tuning [20]. Additionally, [21] introduced the T5
model, which explores the use of transfer learning and pre-training on diverse NLP tasks, setting a
new benchmark for LLM performance.

2.2. Instruction Tuning

Instruction tuning is a technique used to improve the performance of LLMs by training them to
follow specific instructions or prompts. This method has shown significant improvements in the ability
of LLMs to perform zero-shot and few-shot learning tasks [22,23]. Instruction tuning involves fine-
tuning models on datasets that contain instruction-like prompts, enabling them to better understand
and execute complex tasks based on user instructions.
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A notable survey by [24] provides an extensive review of instruction tuning techniques, datasets,
and their impact on LLM performance. The survey highlights key datasets such as FLAN [25] and
Alpaca [26], which are designed specifically for instruction tuning. These datasets provide a diverse
set of tasks and prompts, helping models to generalize better across various applications.

Recent studies have also explored the application of instruction tuning in multi-modal contexts.
For example, [9] discuss visual instruction tuning, where models are trained to follow instructions
related to visual data, improving their performance on tasks that require understanding both text
and images. Another study by [27] investigates the use of instruction tuning for LLMs in scientific
domains, showing how it can enhance the models” ability to understand and generate scientific text.

In summary, these works on LLMs and instruction tuning provides a robust foundation for our
research. The advancements in these areas have paved the way for developing models that are more
efficient, versatile, and capable of understanding complex instructions, which is crucial for tasks
involving historical texts and other specialized domains.

3. Dataset

The success of our proposed approach hinges on the quality and relevance of the datasets used
for instruction tuning and evaluation. In this section, we outline the process of dataset collection,
detailing the sources, preprocessing steps, and the rationale behind the selection of data. Furthermore,
we introduce a novel evaluation framework using GPT-4 as the judge, moving away from traditional
metrics to a more holistic and context-aware assessment.

3.1. Instruction Tuning Dataset

For instruction tuning, we curated a dataset that captures the linguistic diversity and historical
specificity required for training our LLMs. The dataset comprises historical texts from multiple periods
and regions, ensuring a broad representation of linguistic styles and terminologies. Our primary
sources include:

1. Historical Archives: Digitized archives from libraries and museums, including letters, diaries,
and official documents from different historical periods.

2. Newspaper Archives: Collections of historical newspapers that provide rich contextual informa-
tion and reflect the vernacular of their time.

3. Literary Works: Classical literature that captures the narrative styles and linguistic nuances of
different eras.

Each document undergoes preprocessing, including OCR (for scanned texts), tokenization, and
normalization to standardize spelling and grammatical conventions without losing historical authen-
ticity. This preprocessing ensures that the model receives clean and consistent input for effective
training.

3.2. Evaluation Dataset

For evaluating the performance of our instruction-tuned LLMs, we assembled a separate dataset
that mirrors the diversity of the training data but remains unseen during the instruction tuning phase.
This dataset includes:

1. Unpublished Historical Documents: Manuscripts and letters from private collections and less
accessible archives.

2. Historical News Reports: Specific events and reports that were not included in the training data,
providing a testbed for the model’s ability to generalize.

3. Annotated Corpora: Historical texts annotated by historians for NER and sentiment analysis,
offering a benchmark for comparison.
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3.3. GPT-4 as Judge: Novel Evaluation Metrics

Traditional evaluation metrics, such as BLEU or F1 scores, often fall short in capturing the nuanced
understanding required for historical texts. Therefore, we employ GPT-4 as a judge to provide a more
context-aware evaluation of the model’s performance. This method leverages the advanced reasoning
and comprehension capabilities of GPT-4 to assess outputs based on several novel criteria:

1. Contextual Accuracy: GPT-4 evaluates whether the model’s output accurately reflects the
historical context and language of the input text.

2. Entity Recognition and Relevance: The evaluation focuses on the correct identification of
historical entities and their relevance to the context provided.

3. Linguistic Fidelity: The assessment considers the fidelity of the language used, ensuring that

the output maintains the stylistic and grammatical conventions of the historical period.
4. Holistic Understanding: GPT-4 judges the overall coherence and understanding of the text,
beyond mere token-level accuracy.

By incorporating these criteria, we aim to provide a comprehensive evaluation framework that
better reflects the real-world applicability of LLMs in historical research. This approach not only
highlights the strengths and weaknesses of the model but also provides actionable insights for further
refinement.

In summary, our dataset collection strategy and novel evaluation framework lay a solid foundation
for enhancing the performance of LLMs in historical domains. The careful selection and preprocessing
of training and evaluation data, combined with the innovative use of GPT-4 as a judge, ensure that our
approach addresses the unique challenges posed by historical texts effectively.

4. Method

In this section, we detail our proposed method for enhancing the performance of large language
models (LLMs) in the historical domain through instruction tuning with specially crafted prompts.
We begin by discussing the motivation behind our approach, followed by a description of the specific
prompts used and the instruction tuning process. Finally, we explain the significance and benefits of
our method.

4.1. Motivation

The motivation for our method arises from the inherent complexities of historical texts, which
often feature archaic language, unique terminologies, and varied contextual backgrounds. Standard
LLMs, typically trained on contemporary text corpora, struggle to accurately interpret and process
these texts. Our goal is to develop a robust framework that allows LLMs to handle historical data
more effectively. By using context-aware and task-specific prompts, we aim to guide the models in
understanding the nuances of historical language and context, thereby improving their performance
in tasks such as named entity recognition (NER), information extraction, and sentiment analysis.

4.2. Crafting the Prompts

The core of our method involves creating detailed prompts that provide context and specific
instructions to the LLMs. We categorized our prompts into two types: contextual prompts and
task-specific prompts.

4.2.1. Contextual Prompts

These prompts provide the necessary background information about the historical period and
events relevant to the text. They are designed to immerse the model in the historical context, enabling
it to understand and process the text more accurately. An example of a contextual prompt is:

"Identify the key entities in the following text from 18th-century France, considering the
historical context of the French Revolution."
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4.2.2. Task-Specific Prompts

These prompts are tailored to specific NLP tasks such as NER or sentiment analysis. They guide
the model on what to focus on in the text, ensuring that the outputs are relevant to the task at hand.
An example of a task-specific prompt is:

"Extract all named entities related to geographic locations from this 19th-century British
text."

4.3. Instruction Tuning with Prompts

The instruction tuning process involves fine-tuning the LLMs on data obtained using these crafted
prompts. The process is as follows:

1. Data Collection: Historical texts are collected and preprocessed as described in the previous
section.

2. Prompting: Each text is paired with a relevant contextual or task-specific prompt.

3. Fine-Tuning: The LLM is fine-tuned on the prompted data. This involves adjusting the model’s
weights to optimize its performance on the given tasks.

4. Tterative Refinement: The outputs are analyzed and used to refine the prompts further, creating
a feedback loop that continually enhances the model’s understanding and performance.

4.4. Significance and Benefits

The significance of our method lies in its ability to address the specific challenges posed by
historical texts. By using context-aware and task-specific prompts, we ensure that the LLMs are better
equipped to handle the unique characteristics of historical language. This approach offers several
benefits:

1. Improved Accuracy: The detailed prompts guide the model to understand and process historical
context and terminologies accurately, leading to better performance in NLP tasks.

2. Contextual Understanding: By immersing the model in the historical context, our method
enhances its ability to interpret texts from different periods accurately.

3. Flexibility and Adaptability: The iterative refinement process ensures that the prompts and the
model continually improve, allowing for adaptability to various historical domains and tasks.

In conclusion, our method of combining LLMs with instruction tuning through carefully crafted
prompts offers a robust solution for processing and analyzing historical texts. It leverages the strengths
of LLMs while addressing their limitations in handling specialized domains, ultimately contributing
to more accurate and insightful historical research.

5. Experiments

To validate the effectiveness of our proposed method, we conducted a series of experiments
comparing our instruction-tuned LLM with several baseline LLMs, including LLaMA 7B, LLaMA-2 7B,
and Qwen 7B. The experiments aimed to evaluate the performance of these models on tasks involving
historical texts, such as named entity recognition (NER) and information extraction.

5.1. Experimental Setup

We used the datasets described in the Dataset Collection section for both instruction tuning and
evaluation. The baseline models (LLaMA 7B, LLaMA-2 7B, and Qwen 7B) were fine-tuned on the same
datasets without the use of our specialized prompts. Our model, however, was fine-tuned using the
context-aware and task-specific prompts as detailed in the Method section.

The evaluation metrics included contextual accuracy, entity recognition, linguistic fidelity, and
holistic understanding, assessed using GPT-4 as described earlier. Additionally, we conducted human
evaluations to further substantiate the performance differences between the models.
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5.2. Experimental Design

The experimental design included the following steps:

1. Data Preparation: Historical texts were collected, preprocessed, and annotated for NER and
information extraction tasks.

2. Baseline Model Fine-Tuning: The baseline models (LLaMA 7B, LLaMA-2 7B, and Qwen 7B) were
fine-tuned on the historical datasets without using our specialized prompts. This involved stan-
dard fine-tuning procedures using learning rate scheduling, early stopping, and regularization
techniques to optimize performance.

3. Instruction-Tuned Model Fine-Tuning: Our instruction-tuned model was fine-tuned using the
same datasets but with the addition of context-aware and task-specific prompts. This fine-tuning
process was iterative, where initial model outputs were analyzed and used to refine the prompts
further.

4. Evaluation: Both the baseline and instruction-tuned models were evaluated using predefined
metrics on a separate test set of historical texts. The evaluation involved both automated metrics
(contextual accuracy, entity recognition, linguistic fidelity, and holistic understanding) and
human evaluations by experts in historical linguistics and digital humanities.

5.3. Results

The results of our experiments are summarized in Table 1. As seen, our instruction-tuned model
outperformed the baseline models across all evaluation metrics.

Table 1. Performance Comparison of Models on Historical Text Tasks.

Model Contextual Accuracy | Entity Recognition | Linguistic Fidelity | Holistic Understanding
LLaMA 7B 76.4% 72.1% 74.3% 71.2%
LLaMA-27B 78.5% 75.4% 76.9% 73.5%
Qwen 7B 77.2% 73.8% 75.6% 72.8%
Our Method 85.3% 83.7% 84.5% 82.9%

5.4. Analysis of Results

The superior performance of our model can be attributed to the effectiveness of the tailored
prompts in guiding the LLM to better understand the historical context and language. The context-
aware prompts provided the necessary background, enhancing the model’s ability to interpret his-
torical texts accurately. The task-specific prompts ensured that the model focused on relevant details,
improving its performance in specific tasks such as NER.

5.5. Ablation Studies

To further understand the contribution of each component in our method, we conducted ablation
studies. These studies involved removing or modifying certain aspects of the instruction tuning
process to observe their impact on model performance. The following variations were tested:

1. No Contextual Prompts: The model was fine-tuned without the context-aware prompts to
evaluate their impact on contextual understanding.

2. No Task-Specific Prompts: The model was fine-tuned without the task-specific prompts to assess
their importance in improving task performance.

3. No Iterative Refinement: The model was fine-tuned using the initial set of prompts without
iterative refinement to determine the value of the feedback loop.

The results of these ablation studies are presented in Table 2. The findings highlight the signifi-
cance of each component, with the full model consistently outperforming the variations.
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Table 2. Ablation Study Results on Historical Text Tasks.
Model Variation Contextual ACC | Ent. Recognition | Linguistic Fidelity | Holistic Understanding
No Contextual Prompts 80.1% 78.4% 79.0% 77.3%
No Task-Specific Prompts 82.5% 80.6% 81.2% 79.8%
No Iterative Refinement 83.2% 81.4% 82.0% 80.5%
Full Model (Ours) 85.3% 83.7% 84.5% 82.9%

5.6. Human Evaluation

To complement the quantitative analysis, we also conducted human evaluations. Experts in
historical linguistics and digital humanities were asked to rate the outputs of each model on a scale of
1 to 5 across the same evaluation criteria. The results are presented in Table 3.

Table 3. Human Evaluation of Model Outputs.

Model Contextual Accuracy | Entity Recognition | Linguistic Fidelity | Holistic Understanding
LLaMA 7B 3.8 3.6 3.7 3.5
LLaMA-27B 4.0 3.9 4.0 3.8
Qwen 7B 3.9 3.7 3.8 3.7
Our Method 4.5 44 4.5 4.4

5.7. Validation of Effectiveness

The human evaluation results corroborate our quantitative findings, confirming that our instruction-
tuned model provides more accurate and contextually relevant outputs compared to the baseline
models. The feedback from experts highlighted the model’s superior understanding of historical con-
texts and its ability to maintain linguistic fidelity, further validating the effectiveness of our approach.

5.8. Additional Insights

We also explored additional insights by analyzing the error patterns in model outputs. Common
errors included misidentification of historical entities due to similar names across different periods,
and difficulty in understanding nuanced historical contexts. By examining these errors, we refined our
prompts and instruction tuning process, leading to iterative improvements in model performance.

In summary, our experiments demonstrate that instruction tuning with tailored prompts signifi-
cantly enhances the performance of LLMs in the historical domain. The combined use of contextual
and task-specific prompts, along with iterative refinement, ensures that the model can accurately
interpret and process historical texts, making it a valuable tool for researchers in the field.

6. Conclusions

In this study, we have addressed the challenges of applying Large Language Models (LLMs) to
historical texts by proposing an innovative approach that combines instruction tuning with specially
crafted prompts. Our method focuses on creating detailed, context-aware, and task-specific prompts
that guide the model in understanding the unique characteristics of historical language and context.
Through a series of experiments, we have demonstrated that our instruction-tuned model significantly
outperforms several baseline models, including LLaMA 7B, LLaMA-2 7B, and Qwen 7B, across various
evaluation metrics such as contextual accuracy, entity recognition, and linguistic fidelity.

Moreover, human evaluations further validate the effectiveness of our approach, indicating that
our model provides more accurate and contextually relevant outputs compared to the baselines. The
feedback from experts underscores the model’s enhanced ability to interpret historical contexts and
maintain linguistic fidelity, which are critical for historical research tasks.

In conclusion, our research not only highlights the limitations of current LLMs in handling
historical texts but also offers a robust solution through instruction tuning with tailored prompts. This
approach enhances the applicability of LLMs in the historical domain, providing researchers with
powerful tools to analyze and interpret historical data. Future work will focus on expanding the range
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of historical periods and languages covered, as well as exploring additional applications of our method
in other specialized domains.
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