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Abstract

This paper proposes a hybrid LSTM-Transformer architecture to train a Named Entity
Recognition (NER) model on financial data, such as receipts and invoices. These data
types are unstructured and come in various formats, making them difficult to process. The
proposed model combines the sequential pattern recognition capabilities of LSTM networks
with the contextual sensitivity of Transformer self-attention layers, making it well-suited for
financial data applications. This study establishes a modular, design-oriented framework,
complete with pseudocode and architectural explanations, to serve as a foundation for
future empirical testing. This conceptual work aims to set a benchmark in financial data
modeling by addressing domain-specific challenges and providing a scalable structure for
subsequent validation.

1. Introduction

Businesses and individuals face an overwhelming volume of financial documents, such as
receipts and invoices, which contain important information regarding spending patterns.
However, it is unfortunately difficult to extract meaningful insights from these data, as
classical data processing models often do not take into account its variability and sequential
dependencies (Hochreiter & Schmidhuber, 1997; Graves, 2013). Although conventional
machine learning models, and even certain deep learning architectures, cannot adequately
address the unique, multidimensional nature of financial documents, financial documents
can be divided into sub-documents for learning purposes (Liu, Gegov, & Cocea, 2015).

Recently, research has been conducted to explore hybrid model architectures of different
neural network models (Vaswani et al., 2017). In particular, integrating Long Short-Term
Memory (LSTM) networks with Transformer models has been shown to be an effective
approach to data that are both contextual and sequentially complex. While a word or
sentence can be interpreted as ”groups” of symbols, LSTM networks are useful for processing
data sequences of any order (e.g., a time series), provided that order is important. However,
unlike Transformers, self-attention mechanisms allow us to capture long-term dependencies
in the data, providing a model with the ability to understand contexts at different levels
(Xie et al., 2019).

In this study, we present a theoretical model of an LSTM-Transformer for financial data
analysis. The architecture is divided into modules such that LSTM, which works best in
sequential processing, and the long-range contextual power of the Transformer layers can
be used to improve the accuracy of data processing (Ranjan & Daniel, 2023; Yang, Zhang,
& Tao, 2022a; Bai & Tahmasebi, 2022). The pseudocode and detailed architectural design
of this framework are also presented. Although empirical validation is outside the scope of
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this study, this theoretical model provides a new methodology for financial data study and
sets a strong foundation for further research.

2. Literature Review

In recent years, people have started using advanced deep learning models to analyze fi-
nancial data (Ozbayoglu, Gudelek, & Sezer, 2020). Financial data are often complex and
continuously changing; therefore, special methods are needed that can handle both the order
of events and context. This section looks at past research on how financial data is studied,
different ways to combine models, and how LSTM and Transformer models are used in this
field.

2.1 Financial Data Processing Challenges

Financial data such as invoices and receipts mostly consist of a combination of numeric,
textual, and tabular texts. Older methods, like rule-based systems and standard machine
learning, don’t work well with the different formats and messy structures (Kuhn & Johnson,
2013).

2.2 LSTM Networks in Financial Applications

The widely used LSTM networks have been used for time series forecasting (Tang, Fan, Shi,
Huang, & Ma, 2021) and sequential data analysis. Financial data with temporal patterns
(e.g., expense trends or transaction histories) are ideally suited to data that can retain long-
term dependencies, which makes them good. However, they do not perform well on tasks
that require contextual understanding (Dai, Yang, Yang, Carbonell, Le, & Salakhutdinov,
2019).

2.3 Transformer Models and Self-Attention Mechanisms

Transformer models with self-attention mechanisms were first introduced for natural lan-
guage processing (Vaswani et al., 2017). This mechanism allows the model to focus on
relevant parts of the input, irrespective of their position, and makes Transformers power-
ful for unstructured data analysis. Recently, it has been shown how Transformers can be
applied to financial documents such as invoices and contracts to extract useful information
(Yang, Li, Dong, Zhang, & Smyth, 2022b). However, although they work well, Transformers
can miss important details in tasks that depend on the order of the data.

2.4 Hybrid Architecture: Combining LSTM and Transformer Strengths

In order to overcome the limitations of individual models, we have investigated hybrid
architectures composed of LSTM and Transformer models (Sakatani, 2021; Fu et al., 2024).
A hybrid model for customer behavior prediction by fusing LSTM for sequence analysis
and a Transformer for context-aware prediction has been proposed. Similar approaches
have yielded promising results in the healthcare and e-commerce domains but have received
very little attention in applying these hybrids to financial data.
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2.5 Research Gap and Contribution

Although many different hybrid models have been developed in different domains, no study
has yet explicitly examined the use of hybrid LSTM-Transformer model in financial data
analysis. Financial data have unique characteristics that call for a specialized architec-
ture that supports these requirements, as financial data combine sequential patterns with
contextual dependencies. This paper addresses this gap by proposing a modular LSTM-
Transformer hybrid model for financial data processing, providing a theoretical framework
and pseudocode for its implementation. This framework provides a basis for future valida-
tion and practical applications.

3. Methodology

In this study, we propose a hybrid architecture between LSTM networks and Transformer
models to predict financial health and spending from unstructured financial data, including
receipts and invoices. We begin by explaining the individual architectures of LSTM and
Transformer, followed by a detailed explanation of how they are combined into a unique
hybrid model suited specifically for financial data.

3.1 LSTM Architecture Overview

Recurrent Neural Networks (RNNs) can use time-series data and predict their future; how-
ever, they struggle with problematic cases such as long-term dependencies in data, where
past events are highly predictive of future events (Lin, 2022). Unlike RNNs, LSTMs are
different in the sense that information loss in long sequences takes place with a vanish-
ing gradient, and the input, forget, and output gates are used to pass information with
long sequences. Therefore, LSTMs are very good for time-series prediction tasks, such as
predicting stock prices and financial level trends (Yadav, Jha, & Sharan, 2020).

In financial data, the sequences of transactions, receipts, and invoices have many tem-
poral dependencies, that LSTM can model. The model uses historical spending patterns to
learn what past behaviors mean to future financial health. For instance, if an individual is
likely to spend certain categories in a certain sequence, LSTM can learn about such trends
and adopt for future prediction (Lin, 2022; Niu et al., 2022).

3.2 Transformer Architecture Overview

In the paper Attention is All You Need (Vaswani et al., 2017), the Transformer model in-
troduced has revolutionized sequence processing tasks. Unlike RNNs, Transformers do not
process data one after the other and have the ability to process data in parallel (Zhang &
Zhao, 2023; Zhang, Liu, Zhang, &Wang, 2023). Instead, they use self-attention mechanisms
to weigh each element of the sequence against all the others. Owing to its global attention
mechanism, the Transformer is capable of understanding long-range dependencies for con-
texts, which makes it extremely powerful for tasks that require contextual understanding
over long-range dependencies.

Transformers are particularly effective in financial data, where the context between
different financial events (e.g., a large purchase and a small payment) may vary and require
an understanding of both local and global contexts. The ability of Transformers to pay
attention to important parts of a sequence, based on attention scores, makes them ideal for
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applications such as invoice categorization, fraud detection, and financial forecasting (Yu
et al., 2024).

3.3 Proposed Hybrid Architecture for Financial Data

The proposed hybrid model takes advantage of both the sequential modeling ability of
LSTM and the global contextual understanding of Transformer networks. To solve the
complexity of financial data, the architecture is built using both long-term dependencies
(LSTM) and relationships between multiple financial events (Transformer). In this order,
our approach following steps.

3.3.1 Data Preprocessing

This stage involves:

1. Data Normalization: Standardizing the amounts and dates of the transactions.

2. Text extraction: OCR (optical character recognition) to extract text from scanned
receipts and invoices, and turn it into structured data (e.g. date, item, and price).

3. Data Annotations: Extract the text data and create annotations such that we can
feed these annotations into the neural networks.

In this step, we obtain a clean, structured dataset that is suitable for the hybrid model.

3.3.2 Model Architecture

1. LSTM Encoding for Sequential Data

The financial data are processed by the LSTM network once the temporal aspects
are learned by the network. The LSTMs will receive receipts for data analysis; for
example, they may understand from past data how regular categories of spending
often occur and predict future spending behavior.

(a) LSTM Layer Design: To overcome these further dependencies, we designed an LSTM
encoder with a large number of hidden units. We determine the number of layers and
hidden units, and argue that the resulting network is optimized for accuracy and com-
putational efficiency.

2. Transformer Decoder for Contextual Analysis

The sequential data processed are passed into the Transformer model, which deter-
mines the contextual understanding of the data. With this, the Transformer with
the self-attention mechanism will be able to point into the sequence (e.g., a large
transaction or change in spending behavior) to locations that are more important in
predicting future outcomes.

(a) Self-Attention Mechanism: The attention mechanism gives more weight to
financial events (e.g., big transactions and unusual spending) relevant to predict-
ing financial health.
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(b) Multi-Head Attention: To enable the model to attend to various parts of the
sequence (i.e., to learn short-term and long-term spending patterns simultane-
ously), using multiple attention heads is imperative.

3. Fusion Layer for Model Integration

The outcomes of the LSTM and Transformer models were combined in the final layer.
The final prediction output of financial health or spending behavior is produced by
combining the strengths of the two models into this layer.

(a) Concatenation: A unified representation of the financial data is constructed
by concatenating the outputs from the LSTM and Transformer modules.

(b) Dense Layer: These outputs are combined using a dense fully connected layer
to predict financial outcomes (e.g., overall spending or future financial health).

4. Output Layer

For the final prediction of financial health, spending trends, and anomaly detection
results, the output of the model corresponds to the respective predictions for each
task.

Figure 1: Flow Diagram of LSTM-Transformer Hybrid Architecture
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5. Pseudocode

The pseudocode used to train the hybrid LSTM-Transformer model is as follows:

Algorithm 1: Hybrid LSTM-Transformer Model for Financial Data

1 procedure HybridModel

/* Initialization */

2 Initialize LSTM parameters: hidden units, num layers;
3 Initialize Transformer parameters: attention heads, num layers;
4 Initialize Positional Encoding: max sequence length;
/* Financial Data Processing */

5 Extract OCR text ← OCR extraction(financial data);
6 Transform normalized data ← normalize(OCR text);
/* LSTM Layer Processing */

7 foreach sequence in normalized data do
8 LSTM output ← Process with LSTM(sequence, LSTM hidden state,

LSTM cell state);

/* Add Positional Encoding for Transformer Processing */

9 Transformer input ← Add Positional Encoding(LSTM output);
/* Transformer Layer Processing */

10 foreach Transformer layer do
11 Attention output ← MultiHead Attention(Transformer input);
12 Transformer output ← Apply Feedforward NN(Attention output);

/* Fusion and Prediction */

13 Fused representation ← Concatenate(LSTM output, Transformer output);
14 Prediction ← Dense layer(Fused representation);

/* Unique Online Learning Update */

15 Update Model(Prediction, new data);
16 return Prediction;

This pseudocode has been inspired from “Advanced hybrid LSTM-transformer archi-
tecture for real-time multi-task prediction in engineering systems” (Cao, Zhang, &
Huang, 2024).

Explanation of Pseudocode

(a) Hybrid Model Initialization

i. Initialize LSTM and Transformer for hybrid model development.

ii. Positional Encoding is added to the LSTM output to make the sequence
order explicit to the Transformer.

(b) Financial Data Processing

i. Extracts textual data from receipts and invoices and transforms raw text
into numerical data suitable for processing by the LSTM and Transformer
layers.
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(c) LSTM Layer Processing

i. LSTM layers process sequentially normalized data to capture time-series
patterns of financial transactions (Lin, 2022).

ii. The final LSTM layer is an output that contains localized patterns in the
data, for example, short-term spending trends.

(d) Transformer Layer Processing

i. Positional Encoding was then added to the LSTM output to provide sequence-
order awareness.

ii. Finally, Transformer layers compute the relationships between all elements
in the sequence at once and identify complex dependencies.

(e) Fusion of Outputs

i. Both the LSTM and Transformer outputs are concatenated to combine local
(LSTM) and global (Transformer) information on financial data.

ii. By combining the strengths of both architectures, this fusion proved to be
well suited for financial data with a variety of dependencies.

(f) Final Prediction

i. The fused representation then proceeds to a dense layer to produce predic-
tions, such as predicting financial health or grouping spending patterns.

(g) Online Learning Updates

i. The model is designed to learn continuously using online learning, allowing
real-time integration of new financial data to improve its applicability to
dynamic financial environments (Cao et al., 2024).

4. Discussion

The proposed hybrid LSTM-Transformer model is expected to be exceptionally good for
predicting spending behavior and financial health from unstructured data. This section
discusses the limitations of this approach and future related research.

4.1 Limitations

Although the hybrid model provides substantial performance, there are some limitations to
consider.

1. Theoretical Validation: The proposed architecture has not been trained or vali-
dated on real-world datasets because of the unavailability of preprocessed financial
data. Consequently, performance metrics, such as accuracy, efficiency, and scalability,
are yet to be quantified.

2. Computational Requirements: Although effective, the Transformer component’s
self-attention mechanism is computationally expensive. Limited scalability of the
model in large or real time scale applications without enough computational resources
may be a consequence of this.
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3. Data Privacy and Security: Financial data that usually contain sensitive informa-
tion causes privacy and compliance issue. Finally, the model needs to be implemented
further in order to work with data protection laws.

4. Domain-Specific Tuning: Predicting financial health from receipts and invoices is
one where the model’s effectiveness in such cases may not generalize to other types of
financial data without more training and tuning.

4.2 Future Research Directions

Future work could address the limitations identified by exploring the following avenues:

1. Implementation and Training: A preprocessed dataset and training the proposed
architecture with the dataset is a key next step to evaluate the performance of the
architecture against benchmarks.

2. Transfer Learning for Domain Generalization: The performance is enhanced
using pre trained models such as, for financial task, fine-tuned version to reduced
data.

3. Broader Applicability: Extend architecture to support other domains like health-
care billing, supply chain finance in same modularity fashion that design (Li et al.,
2022; Zhang & Zhao, 2023)

4. Validation Through Implementation: There will be a follow up paper where we
will train this architecture using real world data, validate its performance and compare
it with the current state-of-art models. The theoretical foundation laid here will serve
as the starting of this progression.

5. Conclusion

This paper proposed a hybrid architecture that combines LSTM networks and Transformer
models for training an NER model for financial data analysis. This architecture is designed
to overcome the limitations of traditional models in handling financial documents such as
invoices and receipts. By integrating the sequential learning capabilities of LSTM with the
attention-based strengths of the Transformer (Bai & Tahmasebi, 2022; Zhang et al., 2023;
Zhang & Zhao, 2023), this work introduces a modular approach for improving accuracy and
predictions in financial data analysis.

The paper provides a detailed theoretical framework; however, the model has not yet
been empirically validated due to the unavailability of preprocessed financial data. Never-
theless, the proposed design represents a major step forward, offering solutions to challenges
such as contextual understanding and long-term dependency modeling, which are critical
in financial document analysis. This work opens up opportunities for future research in
testing, model optimization, and real-world deployment. It further prepares for the follow-
up work, which subsequently validates the theoretical foundations described in this paper
through practical implementations, thereby contributing to both academic literature and
industry practices.
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