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ARTIFICIAL INTELLIGENCE IN FINANCIAL
TECHNOLOGY: METHODS, APPLICATIONS,
AND CURRENT DEVELOPMENTS

This study systematises modern methods of generative artificial
intelligence, specifically large language models (LLMs), and analyses
approaches for their application in the financial technology sector. It
provides a summary of existing strategies for using LLMs in FinTech,
including  zero-shot,  few-shot,  fine-tuning,  Retrieval-Augmented
Generation (RAG), and training models from scratch. A comparative
analysis of their cost and implementation complexity was performed,
identifying the most suitable LLM integration options depending on the
application task. The paper presents an algorithm for automatic investment
portfolio rebalancing, which combines classical Markowitz Portfolio Theory
(MPT), price forecasting using LSTM networks, and technical analysis
signals. An extended version of the rebalancing algorithm is proposed,
supplementing traditional quantitative methods with two LLM components:
a market sentiment analysis module and a financial statement processing
module. Integrating these components enables the processing of
unstructured data, such as financial news, social media posts, and
quarterly or annual corporate reports. Using such data significantly
expands the input datasets for price forecasting models, which can improve
the quality of investment decisions. Based on the analysed scientific
publications, it is shown that combining technical and fundamental
financial indicators with market sentiment assessment helps to increase
the accuracy of price forecasting for financial instruments. The paper
demonstrates the potential for using the proposed investment portfolio
rebalancing method in automated financial aavisory systems (Robo-
Advisors). The main limitations of the study are highlighted, in particular
the need to test the rebalancing algorithm in practice using real market
data. Directions for further research are identified, relating to the
experimental testing of the proposed model on historical data from various
periods and the subsequent optimisation of LLM components based on the
results of the experiments.

Keywords: generative artificial intelligence; large language
models; machine learning, financial technologies, investment portfolio
rebalancing, market sentiment analysis.

Introduction

Due to the active development of artificial intelligence
(Al) technologies, the financial sector, like many others, is
currently undergoing a significant transformation. While the
application of Al in financial technology (FinTech) has developed
gradually over recent decades, a major leap occurred in the 2020s,
primarily driven by the emergence of large language models
(LLMs).  An analysis of recent scientific publications
demonstrates a growing academic interest in the use of Al within
finance. In recent years, there has been a clear trend towards an
increasing number of studies focused on the practical
implementation of Al technologies in FinTech products [1, 2].

The evolution of Al usage in finance can be divided into
several key stages [1]. Between 1990 and 2015, classical
statistical models and machine learning methods were
predominantly used, such as support vector machines (SVM),
regression models, and decision trees. These were applied to tasks
like price forecasting, credit risk assessment, and fraud detection.
From 2015 to 2019, deep learning (DL) was actively utilised.
Long Short-Term Memory (LSTM) recurrent networks,
convolutional neural networks (CNN), and ensemble methods
proved effective for time-series forecasting and automated trading
[3]. However, these approaches were mainly focused on
structured data, such as prices, trading volumes, transaction
counts, and formalised financial statements.
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The current stage is marked by the active implementation of generative Al (GenAl), primarily Large
Language Models (LLMs). Unlike deep learning, LLMs allow for working with unstructured data (financial reports,
news, social media posts, thematic forums, regulatory documents, etc.). As noted in study [4], LLMs, specifically the
GPT series and FINBERT, are already showing good results in text sentiment analysis and document summarisation.
Research [5] emphasises that the ability of LLMs to synthesise diverse information from news, corporate
communications, and financial reports significantly accelerates investment decision-making. Work [6] demonstrates
that GPT-4 and Llama 3 models, using correctly selected prompts, reduce the time for credit analytics of small and
medium enterprises from weeks to minutes.

Due to the continuous growth of unstructured financial data volumes, traditional quantitative methods are
unable to process them effectively [7]. Competitive pressure on financial companies regarding the speed and quality
of analytics is increasing rapidly. FinTech startups are integrating Al tools into their software architecture during the
early stages of development [1]. Therefore, there is a critical need to combine traditional quantitative methods with
qualitative text analysis to enhance the input data for decision-making models [8].

The study [9] presents an algorithm for rebalancing an investment portfolio, which combines Markowitz
portfolio theory for initial portfolio construction with technical analysis signals (MACD, RSI, S&R) for making
trading decisions. The concept proposed in this paper involves supplementing this approach with generative Al tools
to expand input data with qualitative signals from unstructured information sources.

The purpose of this study is to systematise and analyse modern generative Al methods for the FinTech
industry, considering implementation costs and evaluation metrics. Furthermore, it aims to expand the investment
portfolio rebalancing algorithm by integrating LLM components for the unstructured data analysis.

Literature review

The application of Al in the financial sector began with the use of traditional machine learning (ML) methods.
Among these, the most popular were the SVM method, decision trees, and ensemble approaches such as Random
Forest and Gradient Boosting (XGBoost). These algorithms were successfully applied to address three main classes
of financial tasks: asset price forecasting, credit risk assessment, and fraud detection.

The systematic review [3] states that SVM systems have been widely used to predict the direction of financial
asset prices, showing a classification accuracy of 55-65% even for cryptocurrency assets. The study [10] demonstrates
that Random Forest and XGBoost significantly improved the results of traditional models in asset valuation and credit
scoring tasks. In particular, ensemble methods show resistance to overfitting and effectively process unbalanced data
sets, which is a typical problem in fraud detection. However, with the increasing volume of unstructured financial data
(news, analytical reports, social media data), classic ML methods face certain limitations. They are generally unable
to process sequential data with complex temporal dependencies and adapt poorly to the non-stationarity of financial
markets. For example, SVM approaches that rely on the assumption of repeating market conditions prove to be
ineffective in "black swan" scenarios [11].

During the 2010s, the development of graphics processing unit (GPU) computing technology and the
accumulation of vast datasets led to the active implementation of deep learning in many applied fields, particularly in
the financial sector. RNNs and their advanced variants, such as LSTM and GRU (Gated Recurrent Unit) networks,
significantly expanded the possibilities for time series modelling in forecasting tasks. In study [12], a wide range of
DL models for financial asset management was systematised. LSTM networks demonstrated high efficiency in
predicting stock volatility and returns due to the gate mechanism, which selectively preserves or discards information
over long sequences. Hybrid CNN-LSTM architectures combined the advantages of convolutional networks for
detecting local patterns with recurrent layers for modelling temporal dependencies [11]. In study [9], an LSTM
network is used to predict asset closing prices over a one-month horizon. The investment portfolio formed based on
these forecasts, constructed according to Markowitz theory, demonstrates better results compared to the "buy-and-
hold" strategy even during a market recession. This approach illustrates a productive combination of deep learning
methods with classical portfolio theory.

The study [13] systematised the fields of application for CNN, RNN, and hybrid models regarding price
movement forecasting in financial markets. Research [6] presents data demonstrating the advantages of hybrid
LSTM+ARIMA approaches over single models in volatility forecasting tasks. Despite progress in applying DL,
recurrent architectures possess certain structural limitations. Such neural networks process sequences incrementally,
which results in high computational costs for long series, and they face difficulties in maintaining context over very
large intervals.

A significant milestone in the development of Al was the emergence of the Transformer architecture in 2017,
which marked the beginning of a new paradigm in natural language processing (NLP). Transformers use a self-
attention mechanism to model the relationships between words in parallel, which has significantly accelerated training
on large datasets [14]. Thus, transformer-based models, such as BERT (Bidirectional Encoder Representations from
Transformers) and GPT (Generative Pre-trained Transformer), have opened up new possibilities for financial data
analysis.

Among the key financial-oriented LLMs, BloombergGPT is particularly noteworthy. It is the first model
trained from scratch on 363 billion financial tokens combined with 345 billion public tokens. Training required 1.3
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million GPU hours on A100-class hardware [8]. The FinGPT model represents a fundamentally different strategy
[14]. FinGPT is an open financial LLM that uses a fine-tuning method based on low-rank adaptation (LoRA). This
allows the model to be adapted for financial tasks for less than 300 US dollars, reducing adaptation costs
approximately 1000 times compared to full fine-tuning. FinBERT is a specialised version of the BERT LLM model,
further trained on an array of financial news and analytics. It established a new standard for the analysis of financial
texts [4].

The study [8] proposes a four-level framework for selecting an LLM implementation strategy based on
available resources: Level 1 — zero-shot application, where costs are limited to API request fees; Level 2 — few-shot
learning using a limited number of examples, with minimal additional costs; Level 3 — fine-tuning using LoRA or
instruction tuning (costs depend on the amount of data); Level 4 — training from scratch, which requires millions of
GPU hours and substantial financial resources.

Based on the researched sources, four main functional areas for applying LLMs in finance can be identified:

— Algorithmic trading and portfolio optimisation. LLMs are capable of processing unstructured textual
information (market news, financial reports, social media) to generate trading signals [5]. LLM-based
systems go beyond traditional quantitative analysis by understanding context, detecting sarcastic remarks,
and interpreting complex financial terminology. In portfolio optimisation tasks, these models provide a more
accurate analysis of potential risks compared to traditional approaches [5].

— Study [15] describes the use of LLMs for predicting mergers and acquisitions (M&A), bankruptcies, and
market movements. Specifically, the RiskLabs framework integrates textual data from management earnings
calls, market time series, and news for comprehensive financial risk forecasting.

— LLMs are actively used in fraud detection and ensuring regulatory compliance. GPT-oriented models
demonstrate effectiveness in identifying fraudulent patterns in payment systems through the analysis of
temporal and contextual sequences [15].

— Robo-Advisors (RA) and LLM-based chatbots are transforming the interaction between financial institutions
and clients. Research [16] shows that LLMs allow RA services to provide personalised investment
recommendations that consider risk tolerance and market dynamics. Systems such as GPTQuant use few-
shot learning to generate and analyse investment strategies [15].

An analysis of the existing literature allows for the identification of the following areas that remain
insufficiently researched:

— There is a lack of systematic research into hybrid LLM+LSTM architectures for financial forecasting.
Although studies [11, 12] demonstrate the benefits of hybrid approaches within classical DL methods, and
works [4, 16] show the potential of LLMs for financial tasks, the combination of transformer and recurrent
neural network architectures in a single framework for time series forecasting remains poorly explored.

— The comparative cost assessment of different LLM implementation strategies in financial organisations is
fragmented. While study [8] proposes a conceptual four-level framework and [14] provides specific values
for FinGPT, there are no empirical comparative studies that consider the total cost of ownership (TCO) given
the specifics of financial regulation.

— The methodology for quantifying the effectiveness of generative Al in financial applications remains
unstandardised. Existing benchmarks described in [4, 17] focus mostly on classification tasks, whereas
uniform evaluation metrics for generative financial tasks (report generation, trading strategy generation,
investment decision explanations) are missing.

Methods for implementing generative artificial intelligence in FinTech

The increasing diversity of approaches to applying LLMs within the financial sector requires a
systematisation of existing solutions. Let us consider the four-level taxonomy of LLM approaches proposed in the
study [8].

Level 1: Zero-shot and Few-shot learning. The most accessible option is using ready-made models (GPT,
Claude, Gemini) without additional training, according to the zero-shot or few-shot principle. This approach does not
require costs for developing a training set, and the deployment cost is limited to API call charges. These range from
$0.002 to $0.12 per 1,000 tokens for third-party services (OpenAl, Anthropic, Google), or from $0.006 to $0.037
when deploying open models independently [8]. Primary applications include financial report analysis, compliance
checks, and generating responses to client queries. The advantages are minimal implementation costs and rapid
deployment; however, the accuracy of such solutions may be insufficient for complex, domain-specific tasks.

Level 2: Fine-tuning of open models. If a zero-shot approach does not provide satisfactory quality, the next
step involves fine-tuning open models (such as LLaMA or Gemma) on financial data. A notable example is the
FinGPT model [14], which utilizes the Low-Rank Adaptation (LoRA) technique. To fine-tune approximately 50,000
samples, the cost of one training cycle is less than $300. The FinMA-7B model (part of the PIXIU project) is more
resource-intensive, requiring 8 A100 GPUs (40 GB each) to train on 136,000 instruction samples. The FinMA-30B
model already requires 128 such GPUs [8]. Overall, fine-tuning costs vary from $4 to $360,000 depending on the
model size and data volume. The primary tasks for such models include market sentiment classification, Named Entity
Recognition (NER), and financial text analysis.
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Level 3: Tool-Augmented Generation and RAG. Provided that fine-tuning does not solve the task, it is
appropriate to supplement the LLM with external tools. The RAG (Retrieval-Augmented Generation) approach
involves obtaining relevant documents from external repositories and including them in the query context. Deploying
such systems involves accompanying costs for the development of the tools themselves [8]. Typical applications
include financial chatbots, customer support systems, and Robo-Advisory systems with access to current market data.

Level 4: Training from Scratch. This is the most resource-intensive level, involving the training of an entirely
new LLM on a massive domain-specific dataset. A primary example is BloombergGPT—a model with 50 billion
parameters based on the BLOOM architecture, trained on 363 billion financial tokens combined with 345 billion
tokens from general sources. The total costs amounted to 1.3 million A100-hours, which at AWS rates ($2.3/hour)
equals approximately $3 million. Overall, expenses for this level exceed $5 million, and the volume of training data
reaches hundreds of billions of tokens. The target area of application consists of specialised financial analytical
systems at a corporate scale.

Table 1
Comparison of LLM application levels in finance (based on [8])
Level Approach Development Cost Data VVolume Inference Cost ($/1K tokens)
1 Zero-shot / Few-shot $0 0 $0.002-$0.12

(third-party API)
Zero-shot / Few-shot

! (open model) $0 0 $0.006-$0.037

2 Fine-tuning (open model) $4-$360,000 10,000 —12,000,000 $0.002-$0.12
Tool-Augmented

8 Generation / RAG Cost of tools - $0.002-$0.12

4 Training from scratch >$5,000,000 >700,000,000 $0.002-$0.12

The efficiency of LLMs in a financial context is driven by the self-attention mechanism, which enables the
model to process interdependencies between arbitrary positions in the input sequence in parallel, regardless of the
distance between them [5]. This is particularly important in financial settings, as the model can identify causal links
between economic events (such as report publications or central bank decisions) and asset price movements described
in different parts of a long text. Thanks to the transformer architecture, LLMs overcome the limitations of previous
recurrent networks (LSTM, GRU) when dealing with long-range dependencies [4].

The Chain-of-Thought (CoT) technique involves formulating a request in such a way that the model
demonstrates step-by-step logic before providing an answer. Research [5] shows that CoT prompting significantly
improves the quality of performing financial tasks compared to simple zero-shot prompting. Specifically, the
application of CoT allows GPT-4 to outperform traditional models during the analysis of financial statements and
when forecasting company earnings, even without specialised fine-tuning [16]. This technique is also successfully
used in multi-agent systems to break down complex financial tasks into subtasks and for step-by-step decision-making
[16].

Low-Rank Adaptation (LoRA) is an effective method of parameter-efficient fine-tuning, where only low-
rank adapter matrices are updated instead of all model weights. In the FinGPT system, the application of LoRA allows
for the reduction of training parameters from 6.17 billion to 3.67 million, which is approximately a 1000-fold decrease
[14]. This significantly lowers GPU memory requirements (by about 50%) and training time, making fine-tuning
accessible even without large computing clusters. The FinGPT model trained using LoRA achieves a financial
sentiment classification accuracy of 82.1%, compared to 63.4% for ChatGPT in zero-shot mode [14].

One of the primary limitations of LLMs is hallucination — the tendency to generate plausible but factually
incorrect responses. In the financial sector, where accuracy is critically important, Retrieval-Augmented Generation
(RAG) is becoming the standard mechanism for addressing this issue. RAG integrates LLMs with vector databases
containing tokenised domain information. Before generating a response, the system retrieves relevant documents
(reports, regulations, news) and passes them along with the user's query in a single context [14]. The application of
RAG increases the reliability of responses and allows LLMSs to operate with up-to-date data that extends beyond the
model's training window. Systems such as MarketSenseAl 2.0 already combine RAG with LLM agents to analyse
SEC filings, earnings reports, and institutional records [16].

Thus, the range of technical approaches for applying generative Al in FinTech covers solutions from the
simple use of ready-made APIs to the full training of specialised corporate-level systems. The choice of the optimal
approach is determined by the balance between accuracy requirements, available computing resources, and the nature
of the financial tasks being addressed.

Applications of generative artificial intelligence in FinTech
Sentiment analysis of financial texts is one of the most established areas of NLP application within FinTech.
The evolution of NLP methods has progressed from dictionary-based approaches (specifically models that calculate
the frequency of positive and negative words) through statistical classifiers (such as Naive Bayes and SVM) to neural
network architectures based on transformers [5].
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Currently, the dominant tool for classifying the sentiment of financial texts into categories (positive / neutral
/ negative) is the FINBERT model. It is trained on a specialised financial corpus and can account for specific financial
terminology. Alongside this, zero-shot learning approaches based on general LLMs are actively used. On the FiQA-
SA (Financial Question Answering — Sentiment Analysis) dataset, the GPT-4 model in zero-shot mode achieves a
classification accuracy of around 79% [16]. Compared to lexical and statistical methods, LLM-based approaches
demonstrate significantly higher accuracy, especially when processing complex linguistic structures such as irony and
double negatives.

Predicting the prices of financial assets is one of the most extensively researched applications of Al in fintech.
Traditional approaches, based solely on technical indicators — RSI (Relative Strength Index), MACD (Moving
Average Convergence Divergence) and others — are gradually being replaced by hybrid architectures that combine
LSTM with language models [11].

The study [18] describes an approach where an LLM model analyses unstructured financial data to generate
investor sentiment features, which are then input into an LSTM to predict stock dynamics. Results from such hybrid
LSTM + sentiment analysis systems show that trend prediction accuracy reaches 92%. Specific LLM architectures
for predicting market trends, which combine quantitative factors (moving averages, option volumes) with text signals
from real-time news, demonstrated an accuracy of up to 95% for certain assets [18].

Another promising direction is the application of reinforcement learning (RL). Frameworks such as FinRL
allow for the training of agents for automated trading. In this process, the agent receives environmental signals, such
as market data and portfolio position, and learns to maximise long-term rewards, like the Sharpe ratio, without explicit
programming of trading rules. An increasing number of studies integrate multi-agent LLM frameworks to simulate
investor behaviour and adapt to market conditions in real time. This confirms a steady trend towards the convergence
of LLMs with RL in modern algorithmic trading systems [16].

Markowitz's classic Modern Portfolio Theory (MPT), despite its mathematical precision, has significant
limitations. It relies entirely on retrospective numerical data, such as expected returns and covariance matrices. It
ignores qualitative factors like geopolitical events or changes in market sentiment and assumes static asset weights.
These limitations become critical in unstable market conditions. LLMs address these weaknesses by analysing
unstructured data, including market reports, news, and financial statements. Combining quantitative signals with
qualitative insights extracted by LLMs allows for more adaptive assessments of asset risk and return [5]. Study [19]
demonstrated that, in terms of recommendation quality for three different investor profiles, ChatGPT outperformed
14 out of 17 tested classic Robo-Advisors.

Modern Robo-Advisor systems with an LLM component go beyond automated asset allocation. They are
able to personalise client interaction using natural language, dynamically explain algorithmic decisions, and adapt to
changes in market conditions [20]. An important direction is also ESG scoring (Environmental, Social, Governance)
based on LLMs. Contemporary models can automatically evaluate companies according to these parameters,
analysing public documents and news feeds, which previously required significant analytical resources [21].

Automated analysis of financial statements represents another area where LLMs demonstrate transformative
potential. Documents such as 10-K (annual reports) and 10-Q (quarterly reports) submitted to the US Securities and
Exchange Commission (SEC) typically exceed 100 pages. These documents contain complex disclosures that require
significant analytical resources [16]. LLMs are capable of automatically extracting key metrics, identifying early signs
of financial distress, and analysing changes in the sentiment of corporate communications over time [5].

Thus, the areas of application for generative Al discussed here indicate that LLMs are evolving from a
supporting tool into a key component of the financial technology infrastructure, operating alongside or in place of
traditional analytical systems and human analysts.

Application of LLMs for investment portfolio rebalancing

In the study [9], the authors developed an investment portfolio management algorithm. The initial investment
portfolio is constructed based on Markowitz’s portfolio theory (MPT). Historical data (monthly closing prices) and
forecast prices for the following month (using an LSTM model) are used as input for the MPT. The rebalancing
algorithm checks the signals of technical indicators (MACD, RSI, S&R) on a weekly basis, compares the current
weights with those in the newly constructed optimal portfolio, and, if there is a discrepancy, executes buy-sell
transactions. Backtesting using data from various time periods confirmed that the rebalancing strategy based on S&R
and RSI indicator signals delivers better results compared to the passive ‘buy and hold’ strategy [9]. The flowchart of
the rebalancing algorithm is shown in Fig. 1.

The presented rebalancing mechanism has a fundamental limitation. The LSTM model used for forecasting
financial instrument prices relies solely on historical share price data, ignoring fundamental company information and
market sentiment signals. As shown in study [12], many modern portfolio management systems only use historical
and technical data sources, while combining fundamental and technical analysis demonstrates better results. An
optimal investment portfolio rebalancing model should, among other things, consider fundamental changes in
company activities (such as changes in revenue, debt pressure, or management changes) and mass shifts in market
sentiment.
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Fig. 1. Algorithm for the automated rebalancing of an investment portfolio

To address this limitation, an extended hybrid architecture is proposed, which supplements the base algorithm

[9] with two LLM components (Fig. 2).

Price Series Data

News / Social Media /

Financial Reports

Earnings Calls (SEC EDGAR)
Technical Indicator LLM Sentiment Extractor LLM Fm;;‘ﬂrRepon
Calculation (Component A) (Component B)
Technical Sentiment Fundamental
Indicators y Scores Vectors
44 Concatenated Augmented Input |<—
Long Short-Term Memory
(LSTM) Network
iPredictions Optimized
- - - ptimize
Markowitz Portfolio | Reba}llanglng » Portfolio
Optimization Mechanism Allocations

Fig. 2. Schematic representation of the proposed hybrid architecture

LLM-based Sentiment Feature Extractor (Component A). Input data consists of news streams from financial
media (Reuters, CNBC, Yahoo Finance), social media posts (X, Reddit), and transcripts of quarterly earnings calls.
The use of a fine-tuned FinGPT or FinBERT model is proposed as the primary tool. According to research results
[14], FinGPT, based on Llama-3.1-8B-Instruct using the LoRA method, achieves an accuracy of 82.1% and Macro-
F1 =80.9 on the financial sentiment classification task, significantly outperforming the base FInBERT (71.2% / 69.9).
The key advantage of the FinGPT approach lies in the use of a market-oriented RLSP (Reinforcement Learning on
Stock Prices) mechanism. This allows sentiment to be correlated with actual market consequences of news, rather
than just subjective human labelling [14]. The output data consists of daily numerical sentiment scores in a three-
dimensional class space (positive, neutral, negative) for each portfolio asset, forming a time series of sentimental

indicators.
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LLM-based Financial Report Analyser (Component B). The input data consists of quarterly (10-Q) and
annual (10-K) reports of public companies according to US SEC (Securities and Exchange Commission) standards
and IFRS (International Financial Reporting Standards) reporting, available via the public SEC EDGAR API. The
methodological basis is a RAG pipeline based on open-source models from the LLaMA family with LoRA fine-
tuning. The feasibility of the RAG approach is confirmed in study [14], which demonstrates that including external
documents in the model's context increases the accuracy and relevance of answers. Furthermore, research results [16]
show that the MarketSenseAl 2.0 system, built on a combination of RAG and LLM agents for processing SEC
materials and earnings calls, achieved a cumulative return of 125.9% on S&P 100 stocks compared to 73.5% for the
index. The output data of Component B includes: numerical vectors of fundamental features (revenue growth rate,
debt load ratio, profitability indicators); and a structured text summary to ensure the interpretability of decisions. As
noted in study [15], LLMs are capable of effectively processing long financial reports if a strategy of dividing the
document into structural sections (management's discussion, financial highlights, business overview) is applied, which
allows for overcoming the limitations of the models' context window.

Advanced LSTM input. It is proposed to concatenate three types of features into a single input vector: (1)
price time series with technical indicators (daily frequency); (2) sentiment scores from Component A (daily
frequency); (3) fundamental vectors from Component B (quarterly frequency). The difference in frequencies between
price and sentiment data on one hand, and fundamental data on the other, represents a key technical challenge. To
resolve this, the application of the forward-fill imputation method is proposed, which involves propagating the last
known value and is standard practice for quarterly financial indicators in daily forecasting tasks.

The choice of specific LLM models should be based on cost-effectiveness criteria, taking into account daily
(rather than real-time) rebalancing. GPT-4 in zero-shot mode provides high-quality analysis of financial reports
without the need for fine-tuning, but is associated with significant costs for API requests and the transfer of sensitive
data to external servers. FinGPT, on the other hand, is an open-source model [14] that allows for self-hosted
deployment, which is critical for ensuring the confidentiality of client portfolio data. Research [8] emphasises that the
application of LLMs in the financial sector requires particular attention to issues of confidentiality and compliance
with regulatory requirements.

As noted in study [18], the combination of fundamental and sentiment signals with price data provides better
predictive quality for medium-term horizons compared to using technical data alone. Price series on their own can
only capture the effects of market events, whereas LLM components allow for the early detection of fundamental
shifts before they are fully reflected in quotes. Increased debt burdens, declining profitability, or changes in a
company's operational strategy—identified by Component B from quarterly reports—enable the LSTM model to
adjust the asset's return forecast before these trends materialise in the price. Research [15] confirms that LLMs
supplied with fundamental financial data can outperform traditional stock rating models in the accuracy of future
earnings forecasts.

Social media and news reports reflect the collective expectations of market participants before these
expectations are reflected in prices. According to study [8], including sentiment analysis based on LLMs as an
additional signal in predictive models significantly improves their ability to detect shifts in market trends early.
Finally, the contribution to interpretability is important: textual summaries from Component B allow for an
understanding of which fundamental factors influenced the change in portfolio weightings. This meets the increasing
regulatory requirements regarding the explainability of algorithmic investment decisions [16].

Thus, the proposed hybrid architecture develops the approach presented in [9], maintaining the proven
Markowitz optimisation mechanism and weekly rebalancing, but fundamentally expands the LSTM forecasting
information base by integrating LLM components for sentiment and fundamental analysis.

Evaluation methods and implementation costs of Al solutions in the FinTech sector
The study [8] proposes a four-level decision-making framework regarding the deployment strategy of LLM
solutions, which allows for a balance between cost and efficiency. A comparative analysis of the four strategies is
presented in Table 2.
Table 2
Comparison of LLM deployment strategies in financial applications

Deployment Strategy Development Cost Training Data Volume IRn;a?JsutrTal:r?SrJ\:: Time to Market
Zero-shot / Few-shot
(third-party API) $0 - None (API access) Days
Zero-shot / Few-shot
(open-source, self- $0 - NVIDIA V100 / A100 Weeks
class GPU
hosted)
F'”e't“”"EP(It)h"d'pa”y $30-$30,000 10,000-12,000,000 samples None (AP access) Months
Fine-tuning (open- NVIDIA A100/A6000
source) $4-$360,000 10,000-12,000,000 samples class GPU Months
Training from scratch $5,000,000+ 700,000,000,000+ tokens A100 cluster; 80 GB Years
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In summary, it is recommended to start with a zero-shot approach and only move on to more resource-
intensive options if the quality of the results is insufficient. Training an LLM from scratch (such as BloombergGPT)
is justified in exceptional cases where existing solutions do not meet the requirements of a specific financial domain.

The correct choice of evaluation metrics is critical for validating Al systems in the financial sector, as
different types of tasks require different quality criteria. For fraud detection and sentiment analysis tasks, the standard
set includes Accuracy, Precision, Recall, F1-score, and AUC-ROC. However, as shown in studies [22, 23], in tasks
with significant class imbalance (and fraud detection is exactly such an example), the Accuracy metric can be
misleading. In these cases, preference should be given to AUC-PR, which focuses exclusively on the detection quality
of the positive (fraudulent) class. Additionally, economically-oriented metrics are applied: Cost of False Positives —
the cost of false alarms (inconvenience for clients, manual verification costs) and Cost of False Negatives — financial
losses from missed fraudulent transactions [22].

For regression tasks (predicting asset prices and volatility), the most frequently used metrics are RMSE (Root
Mean Squared Error), MAE (Mean Absolute Error), and MAPE (Mean Absolute Percentage Error). Directional
Accuracy (DA), which represents the proportion of correctly predicted price movement directions, serves as an
important additional metric. To evaluate trading signals, the Sharpe ratio of the predictive signal is used [24].

A comprehensive quality assessment of LLMs in a financial context must cover not only accuracy metrics
but also dimensions such as fairness, robustness, and bias, as accuracy and efficiency must be supported by the
meaningfulness of the decisions made.

Discussion of the results
The generalisation of the conducted review allows for the systematisation of four main LLM approaches in
the form of a summary comparative characteristic (Table 3). An analysis of these characteristics confirms that zero-
shot and few-shot approaches are optimal for new financial tasks or situations with limited annotated data, as they
provide an acceptable level of quality at minimum cost. In contrast, fine-tuning is only appropriate when a sufficiently
large industry-specific dataset and a clearly defined functional task are available.

Table 3
Comparative characteristics of LLM approaches for financial tasks
Method Typical tasks Advantages Limitations
Zero-shot Compliance audit, report Minimal time to market (days); no need Lower accuracy on highly specialised
analysis, customer responses for labelled data tasks; dependence on API provider
Few-shot Sentiment cIa55|f|cat|o_n, Rapid prototyping; flexibility Limited customisation; sensitivity to
financial event analysis example phrasing
Fine-tuning Sentiment classification, NER, ngg a;:curacy on dt?maln_;e}ls_ks (';m?FT: Need for 10,000+ labelled samples; long
(LoRA) financial Q&A 1% Accuracy); possibility of self- preparation cycle (months)
hosted deployment
. . . Maximum specialisation : P
Training from Full-cycle corporate financial (BloombergGPT); no dependence on I_Ext(e_mely hlg_h cost an_d duration;
scratch systems base models justified only in exceptional cases

A comparison of the theoretical rationale for the proposed hybrid architecture with the empirical results of
similar approaches in the literature demonstrates its practical potential. Study [18] shows that hybrid LSTM +
sentiment analysis systems, where the LLM model derives investor sentiment features from news and social media
posts, achieve a market trend prediction accuracy of 92%, which significantly exceeds the results of the baseline
LSTM, which relies solely on price series. Certain multi-factor LLM architectures, combining quantitative indicators
with real-time text signals, have demonstrated accuracy of up to 95% for individual assets [18]. A key distinction of
the architecture proposed in this work is the inclusion of an LLM-based Financial Report Analyzer, which generates
vectors of fundamental features based on quarterly and annual reports (10-K/10-Q). This approach provides an
additional advantage over purely sentiment-oriented systems, particularly for medium-term forecasting horizons.

The proposed rebalancing concept is based on the results of similar approaches in academic literature, but it
has not been verified using real financial data. Conducting such testing represents a direct path for future research. It
is important to note that the conclusions of this work rely on scientific publications, where the relevance of data is
limited by their publication date. The field of LLMs is developing at an unprecedented speed, and specific accuracy
or cost metrics for models cited in the analysed sources may change as new models emerge.

Conclusions

The conducted study systematised modern methods of generative artificial intelligence, specifically large
language models, within the context of their application in financial technology. LLMs represent a fundamentally new
class of tools in FinTech, moving beyond traditional machine learning due to their ability to process unstructured
financial data without prior manual labelling. A comparative analysis of deployment strategies demonstrated that zero-
shot and RAG approaches provide acceptable efficiency at minimal cost and are the optimal initial choice for most
tasks. Meanwhile, fine-tuning is justified mainly for highly specialised classification tasks when a sufficient industry-
specific data corpus is available.
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The proposed hybrid architecture for extending an automatic investment portfolio rebalancing algorithm is
theoretically sound. It integrates two LLM components: a sentiment feature extractor and a financial report analyser.
This system can be implemented using existing open-source models. However, the study has several limitations that
suggest directions for future research. The proposed concept is theoretical and analytical; it has not been verified with
real market data, which is the immediate task for the next stage. The most promising areas for further study include
agent systems and small specialized financial models designed for local deployment.
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Cepriit CABYUEHKO

XMeNbHUIBKUH HalliOHAJIBHUI YHIBEpCHTET
XepcOHCHKHI IepiKaBHUIT YHIBEPCUTET

IITYYHUHA IHTEJEKT Y ®IHAHCOBHUX TEXHOJIOI'SIX: METO/MU,
3ACTOCYBAHHA TA CYYACHI TEHAEHIIII

Y UbOMy AOCTIIIKEHHI CUCTEMATUI0BAHO CYYacHi METOAN MEHEPATUBHOIO LUTYYHOIO IHTENIEKTY, 30KPDEMA BESMKNX MOBHUX
mogened (LLM), 1a ripoaHasnizoBaHo riaxoau A0 iX 3aCTOCYBaHHS y rasy3i QiHaHcoBuX TEXHO/OMN. [TDOBEAEHO y3araslbHEHHS
[cHyrounx cTparerivi BukopuctanHs LLM y FinTech, Brodaioqm zero-shot, few-shot, fine-tuning, Retrieval-Augmented Generation
(RAG) Ta HaBYaHHS Mogesen 3 HyJ1s. BUKOHaHO NOPIBHS/IbHMY aHali3 ix BapTOCTi Ta CKIaAHOCTI BIIPOBAIKEHHS], BUSHAYEHO HaubifbLL
BIANOBIAHI BapiaHTy iHTerpauii LLM B 3a71€XHOCTI Big T1rly NpuKAagHoi 3a4adi. ¥ poboTi npeacrasieHo a/iroputM aBToMatnyHOro
pebanarcyBaHHs IHBECTULIMHOIO nopTgesns, SKkui MOEAHYE KIacuyHy MopTeesHy Teopito Mapkosiya (MPT), nporHo3yBaHHS LiiH
QDIHaHCOBNX [HCTPYMEHTIB BUKOPUCTOBYIOYM LSTM-MEPEXI Ta aHasli3 CUrHasaiB TEXHIYHOrO aHasi3y. 3arporioHOBaHO pPO3LUMPEHY
BEPCito anroputMy pebasiaHCyBaHHs, SKa AOMOBHIOE TPAAULIMIHI KiTbKICHI MeTogn gsoma LLM-KkoMrioHeHTamu (Mogy/ib anasizy
PUHKOBUX HACTPOIB Ta MOLY 16 06POBKY QGiHaHCOBOI 3BITHOCTI). IHTErpaLis 3a3HaqeHnx KOMIOHEHTIB 3a06€3reYye MOX/IMBICTL 06POGKH
HECTPYKTYPOBaHUX AAHNX, Takux 5K QIHaHCOBI HOBUHYM, MyOIIiKaLli B COLa/IbHUX MEPEXAEX, KBAPTA/IbHI Ta PidHi QIHAHCOBI 3BiTH
KOMIIaH¥i, TOLO. BUKOPHCTAHHS Takmux JaHux [03BOJISE CYTTEBO POLUMPUTH BXIJHUHA HABID AaHNX MOAENEN MPOrHO3YBaHHS LiiH, O
MOXE IABMLUNTY SKICTb MPMAHSTUX [HBECTULIIVIHUX pilleHb. CITMparoynchb Ha MpoaHani30BaHi HayKosi ry6rikaul, nokazaHo, Lo
TI0EAHAHHS TEXHIYHUX Ta QDYHAGMEHTASIbHUX QIHAHCOBUX MTOKA3HMKIB 3 OLIIHKOIO DUHKOBUX HACTPOIB CrIPUSIE MIABULLYEHHIO TOYHOCTI
[IPOrHO3yBaHHS LiiH Ha QIHaHCoBI IHCTPYMEHTU. B poboTi 06rpyHTOBaHO MEPCIIEKTUBHICTE BUKOPUCTAHHS 3aIPOITOHOBAaHOro METOLY
pebanaHcyBarHs IHBECTULIIIHOrO MOPTPEIO y aBTOMATUIOBAHUX CUCTEMAaX GIHaHCOBOro KOHCY IbTyBaHHs (Robo-Advisor). 3a3HadyeHo
OCHOBHI OBMEXEHHS AOCTTIIKEHHS], HaCaMIEPES, HEOOXIAHICTL MPAKTUYHOI MEPEBIPKU a/IrOpUTMY PEOa/IaHCYBaHHS Ha peasibHuX
PUHKOBUX [aHnX. BU3HaYEHO Hanpsmu roaasblimxX LOCTIIKEHb, M0BA3aHI 3 EKCIIEPUMEHTA/IbHOK IEPEBIPKOI 3aIPOrOHOBAHOI
MOAEJ HA ICTOPUYHUX A[aHUX PI3HNX EPIOAIB Ta 104a/bLIYy ONTUMIBALI0 LLM-KOMIIOHEHTIB CrMpaoYncs Ha pPesy/bTat
EKCIIEPUMEHTIB.

KIto4oBi C/10Ba: reHEPATUBHW LUTYYHUN [HTE/IEKT, BEMKI MOBHI MOJE/, MALUMHHE HABYAHHS, (DIHAHCOBI TEXHOJION,
pebasiaHcyBarHHs IHBECTULIIVIHOIO NOPTQENS, aHasli3 PUHKOBUX HACTPOIB.
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