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Abstract

Large Language Models (LLMs) have revolutionized natural language processing, but their usage in
specialized domains such as finance is complicated by limitations in domain-specific understanding and the
use of specific terminology. This study investigates the adaptation of LLMs, focusing on Meta-Llama-3-8B-
Instruct, for advanced financial NLP tasks through a combination of Parameter-Efficient Fine-Tuning
(PEFT) techniques, specifically LoRA and QLoRA, and Direct Preference Optimization (DPO) methods.
Utilizing the open-source Sujet-Finance-Instruct-177k dataset, which covers six core financial NLP tasks,
we demonstrate that PEFT approaches improve performance in tasks such as sentiment analysis and topic
classification, while showing limited efficiency in complex generative tasks like question answering. To
address this gap, we introduce DPO using synthetically generated preference pairs, enabling supervised
alignment based on human-like feedback. Experimental results reveal that DPO enhances the model’s
performance in challenging question-answering tasks, as evidenced by increased LLM-based evaluation
scores. Our findings highlight that while PEFT methods offer efficient domain adaptation, augmenting them
with supervised preference optimization is crucial for optimal performance in financial applications.
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1. Introduction

Large Language Models (LLMs) made a big impact in the field of natural language processing by
leveraging transformer-based architectures [1] to achieve near-human text generation and
comprehension. However, while these general-purpose models demonstrate impressive capabilities,
they often have limitations when applied to specialized domains such as finance, where deep domain
expertise and the accurate use of technical terminology are essential. Effectively adapting LLMs to
bridge the gap between general linguistic proficiency and domain-specific requirements remains a
key challenge.

Furthermore, beyond the generation of text, there is an increasing demand for LLMs to produce
outputs that are not only accurate but also optimally aligned with specific user objectives and
domain-specific constraints. This underscores the necessity of providing explicit instructions or
guidance to steer the models toward generating outputs that best fulfill the intended tasks..

2. Problem and Scientific Novelty

While Retrieval-Augmented Generation (RAG) [2] can help language models become more
knowledgeable by allowing them to look at extra information, it has some drawbacks. RAG can
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not efficiently handle some domain-specific tasks, understand terminology, or have a good
understanding of the domain.

To address these issues, we unified Parameter-Efficient Fine-Tuning (PEFT) methods such as
LoRA and QLoRA [3]. These techniques allow us to adapt large language models like Meta-Llama-
3-8B-Instruct to financial tasks without making the training process too costly or complicated.
PEFT methods make it easier to customize models for specialized areas by updating only a small
part of the model’s parameters [4, 5].

In addition to these approaches, we used Direct Preference Optimization (DPO) [6]. DPO helps
models learn directly from human feedback by showing them which responses are preferred.
This technique is especially useful when fine-tuned models still make mistakes or give
unsatisfactory answers. By using DPO, we aim to further improve the model’s performance in
financial applications, ensuring it provides more accurate and useful outputs even in difficult
cases [7]. We will explore how much DPO can enhance results when standard fine-tuning does
not deliver strong enough performance.

3. Results

3.1. Model Training

The experimental framework used the Sujet-Finance-Instruct-177k dataset, an open-source
collection from Hugging Face containing 177,000 records across six core financial NLP tasks:
sentiment analysis, question answering (standard, with context, yes/no, conversation-based), and
topic classification. The dataset was divided into training (85%), validation (10%), and test (5%) splits,
ensuring even class distribution.

Initial model fine-tuning was performed on Meta-Llama-3-8B-Instruct utilizing PEFT approaches,
specifically LoRA and QLoRA, with standardized configurations to optimize training efficiency on
A100 GPUs. Detailed model parameters are described in Table 1.

Table 1
Model Training Config
Parameter Description Value
lora_alpha LoRA scaling factor 16
lora_dropout Dropout parameter to 0.1

reduce overfitting

r Matrix rank relates to the 64
number of trainable
parameters
learning_rate Learning rate le-6
optimizer Optimizer adam

To further enhance performance on complex tasks, particularly question answering, we introduced
Direct Preference Optimization (DPO) during subsequent fine-tuning stages. DPO enables the model
to explicitly learn from preference signals by contrasting positive and negative response samples.



3.2. DPO Dataset Construction

Since DPO requires pairs of positive (preferred) and negative (dispreferred) outputs for each training
instance, we generated these pairs synthetically. The original dataset answers were treated as
positive samples.

To source negative samples, we employed GPT-4o to systematically rewrite the original answers
according to specific criteria:

. Simplification: Important information was omitted, thereby reducing answer
completeness.

. More Context: Extra, often irrelevant, information was inserted.

. Tone Change: The answer tone was intentionally altered (e.g., shifting between

formal or informal), which could impact clarity or appropriateness.

Prompts to GPT-40 included explicit editing instructions and answer modifications, with
rewritten outputs collected as corresponding negative samples. Only the modified answers were
retained, ensuring a clean dataset for DPO training. With the Synthetic dataset generation, we
generated 33k samples for the question-answering user case and used them to tune a model [8].

3.3. DPO training configuration

DPO fine-tuning used the paired positive and negative samples to instruct the model to distinguish
high-quality responses from suboptimal alternatives. This preference-based training directly
optimizes the model to prefer more appropriate, contextually accurate, and informative outputs for
financial question-answering tasks. DPO training configuration provided in Table 2.

Table 2
DPO training configuration

Parameter Description Value
Ir_scheduler_typ Scheduler type constant
e
warmup_steps | Number of warmup 150
steps
learning_rate Learning rate le-6
optimizer Optimizer adam

3.4. Evaluation

Model evaluation employed LLM-based scoring (using GPT-4 as an evaluator) [9] over the six task
categories and demonstrated that, while previous fine-tuning approaches yielded improvements for
simpler tasks, they provided limited gains for complex question-answering scenarios (Table 3).
Following DPO-based tuning, a marked increase in LLM evaluation scores (Table 4) was observed
specifically in the question-answering category, highlighting the effectiveness of supervised
preference optimization in specialized financial NLP applications.

Table 3



Metrics evaluation (on test data, metric-score 1 ...5 using GPT-4 model)

Task type Base model Tuned model
Question-answering 477 4.67
QA in conversation 4.43 4.18
QA with context 4.75 49
(RAG)
Sentiment analysis 4.01 4.03
Topic classification 3.89 4.26
Yes / No questions 2.9 3.14
Avarage 4.13 4.2
Weighed average 4.27 4.33

Table 4
DPO metrics evaluation

Task type Base model Tuned model DPO tuning

Question-answering 4.77 4.67 4.89

4. Conclusion

Our study examined the adaptation of large language models (LLMs) for specialized financial
language processing tasks. Initial experiments leveraging parameter-efficient fine-tuning (PEFT)
approaches such as LoRA and QLoRA achieved moderate improvements across a range of financial
NLP benchmarks, particularly for tasks like sentiment analysis and topic classification. However, our
findings also exposed the limitations of PEFT-based adaptation - particularly for complex generative
scenarios such as question answering, where conventional fine-tuning did not confer substantial
performance gains.

To address these limitations, we used Direct Preference Optimization (DPO) as an additional
supervised alignment step, generating preference-labeled training pairs via controlled outputs from
GPT-4o. The integration of DPO showed better results, evidenced by clear improvements in LLM-
based evaluation scores for challenging question-answering tasks. These outcomes validate the
hypothesis that preference-driven optimization can enhance LLM performance in sensitivity-critical,
expert-knowledge domains.

Overall, our results suggest that while efficient fine-tuning methods remain invaluable for bridging
generalist models into niche sectors, their efficiency is further amplified when coupled with
instruction-level supervision that aligns outputs with domain-relevant user expectations. Future



research should explore hybrid approaches, leveraging both retrieval augmentation and advanced
tuning, to maximize LLM reliability and utility in highly specialized professional contexts such as
finance.
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