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This dissertation investigates natural language processing (NLP) and multimodal deep
learning techniques for financial analysis, with a focus on methods and technical
innovations. Key financial tasks addressed include automatic summarization of news,
sentiment analysis of market news, and time series forecasting of economic indicators, all
integrated to enhance the understanding and prediction of market trends. The work
emphasizes novel approaches to fuse textual and numerical data, aiming to improve the
accuracy and interpretability of financial predictive models.

In recent years, NLP has come to play an increasingly pivotal role in the financial domain,
as institutions grapple with a deluge of unstructured text—from news articles and earnings
reports to social media posts—capable of swaying market sentiment and investment
decisions. This accelerating adoption of NLP in finance is fueled by the exponential growth
of digital financial communications, heightened regulatory pressures for comprehensive
information analysis and oversight, and rapid advancements in large language models
(LLMs) that have vastly expanded the scope and accuracy of automated language
understanding.

However, applying NLP techniques to financial data presents unique technical
challenges, including precise numerical reasoning, integration of heterogeneous and
multimodal data sources, and context-aware inference from information that is often
fragmented, implicitly conveyed, or embedded with specialized financial terminology and
domain-specific knowledge that large language models typically find difficult to accurately
capture and interpret. To address these challenges and fully leverage NLP’s potential in
finance, this dissertation proposes two complementary approaches. First, a
sentiment-guided prompt tuning technique is developed to enhance financial text
summarization, ensuring that automated summaries capture not only key information but
also the underlying sentiment that can influence market reactions. Second, a multimodal
learning framework for market forecasting is introduced, combining financial textual data
with corresponding time-series data and thereby linking narrative content with
quantitative market trends to improve predictive performance.

Chapter 1 introduces the study, highlights its novelty, and presents an outline of
this thesis, thereby framing our contributions. Chapter 2 provides a brief overview of NLP
applications in the financial domain, establishing the context and significance of the
problems addressed. Chapter 3 shows the existing financial summarization and forecasting
methods. In this chapter, we discuss the detailed differences between the proposed
approach and previous studies and summarize the existing gaps in the current literature to
determine our novel contributions. In Chapter 4, we address the task of summarizing

financial news articles, emphasizing the importance of accurately capturing sentiment
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embedded within news content. We introduce a targeted method for financial news
summarization that effectively bridges factual content with sentiment analysis. This
approach ensures that automated summaries faithfully represent both the key
informational points and the nuanced tone of the original texts, laying essential
groundwork for downstream financial applications, where sentiment understanding is as
critical as factual accuracy. Having established a robust method for sentiment-aware
summarization and interpretation of financial news, we next explore forecasting future
financial trends by integrating summarized textual data with numerical time series.

In Chapter 5, we focus on the challenge of accurately forecasting financial time
series data—such as stock prices, volatility indices, and economic indicators—by effectively
integrating multimodal inputs, specifically numerical time-series data and relevant textual
information. To address this, we propose a novel multimodal interpretable Transformer
architecture named MM-1Transformer, which is built upon the Transformer framework,
recognized for its capability in sequence modeling and attention-based information fusion.
The MM-1Transformer model employs two parallel input streams: one capturing structured
numerical pattern from time-series data, and the other encoding unstructured textual data.
By combining quantitative and qualitative information within a unified model,
MM-iTransformer significantly enhances forecasting accuracy and interpretability,
providing clear insights into how textual narratives influence numerical market dynamics.

In Chapter 6, we further validate the effectiveness of our proposed forecasting
approach, which integrates textual and time-series data, by introducing a multimodal
framework that combines numerical financial time-series data with external textual
information. Specifically, we present FinTime-Fuse, a forecasting model that employs a
fusion mechanism based on LLMs to integrate textual information with quantitative
market data. Unlike conventional approaches that rely solely on textual information or on
simple similarity-based retrieval of numerical data, our method harnesses the capacity of
LLMs to capture intricate correlations between textual information and price fluctuations.
The main contribution of this chapter is to demonstrate that LLMs—traditionally employed
for conversational tasks—can be successfully applied to multimodal financial forecasting.
Furthermore, the proposed approach improves predictive performance, particularly when
textual data are limited, and provides clearer insight into how textual information
influences financial time series. Notably, our method does not require fine-tuning the LLM;
instead, it leverages the model's pretrained knowledge to enable efficient fusion of
multimodal representations.

Finally, Chapter 7 draws the conclusions for this thesis.
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