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Abstract
LLMs excel in general NLP yet struggle in001
specialized domains such as finance and regula-002
tion. This study proposes a sequential fine-003
tuning framework for multitask learning in004
a unified LLM, structuring tasks into foun-005
dational, question-answering, and stylistic-006
answer knowledge to mitigate catastrophic for-007
getting and enhance knowledge transfer. Evalu-008
ations on the COLING 2025 Regulations Chal-009
lenge dataset demonstrate significant improve-010
ments, with notable gains in financial QA and011
MOF license abbreviation recognition. Un-012
like Chain-of-Thought inference-based meth-013
ods, this approach integrates reasoning during014
training, reducing inference costs and improv-015
ing scalability. While challenges remain with016
sparse and context-dependent data, the find-017
ings highlight structured task sequencing as a018
promising strategy for domain-adapted LLM.019

1 Introduction020

Large language models (LLMs), such as Llama021

(Touvron et al., 2023) and Qwen (Bai et al., 2023),022

have excelled in various natural language process-023

ing (NLP) tasks, including serving as conversa-024

tional agents. However, they struggle in specialized025

domains such as finance and regulation, where pre-026

cise contextual understanding, multistep reasoning,027

and adaptability are essential. While API-based ser-028

vices such as GPT (Achiam et al., 2023) and Gem-029

ini (Reid et al., 2024) ensure accessibility and scal-030

ability, their generalized design limits effectiveness031

in domain-specific applications due to challenges032

in data privacy, compliance, and customization.033

The local fine-tuning enables tailored solutions034

while maintaining data control, optimizing LLMs035

for diverse domain-specific tasks with unified rea-036

soning, consistency, and accuracy. Advancements037

in fine-tuning and prompting enhance LLMs in038

specialized domains. Prompt engineering struc-039

tures task-specific instructions for precise, context-040

aware outputs (Mizrahi et al., 2023; White et al.,041

2023; Zheng et al., 2024), while Chain-of-Thought 042

(CoT) prompting improves reasoning by guiding 043

models through intermediate steps, particularly in 044

arithmetic and reasoning (Wei et al., 2022; Wang 045

et al., 2023). Fine-tuning methods have advanced 046

to enhance LLMs for downstream tasks while op- 047

timizing performance and efficiency. Early ap- 048

proaches, such as full fine-tuning in GPT-3, up- 049

dated all parameters but incurred high computa- 050

tional costs (Brown et al., 2020). In contrast, 051

Parameter-Efficient Fine-Tuning (PEFT) methods 052

such as adapters and Low-Rank Adaptation (LoRA) 053

modify select parameters, achieving comparable 054

results with significantly lower computational costs 055

(Hu et al., 2023; Liu et al., 2022; Hu et al., 2021). 056

Despite advancements, adapting a single LLM 057

for multitasking in domain-specific datasets re- 058

mains challenging due to catastrophic interference, 059

where new tasks degrade prior performance, and 060

overfitting, requiring careful data curation (Good- 061

fellow et al., 2013; Aghajanyan et al., 2020). This 062

study proposes a sequential fine-tuning framework 063

for regulatory and financial domains, structuring 064

tasks by relevance, complexity, and dataset char- 065

acteristics. Foundational tasks establish domain 066

knowledge, generalized tasks refine response styles, 067

and specialized tasks address complex challenges, 068

ensuring effective knowledge transfer while min- 069

imizing interference. By internalizing reasoning 070

patterns, the framework eliminates the need for 071

inference-stage techniques such as CoT prompting. 072

It integrates task-specific prompts, input templates, 073

and sequential training to align model outputs with 074

regulatory and financial requirements. Leverag- 075

ing diverse datasets, the model learns both factual 076

knowledge and stylistic nuances, improving accu- 077

racy, efficiency, and scalability. The key contribu- 078

tions of this paper are: 079

1. A unified framework that fine-tunes a single 080

LLM for multitasking in financial domains. 081
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Figure 1: Sequential Fine-Tuning Framework Supporting Nine Regulatory and Financial Tasks

2. Sequential fine-tuning that optimizes task082

learning based on domain relevance, complex-083

ity, and characteristics.084

3. Internalized response patterns, ensuring fac-085

tual accuracy and stylistic coherence through086

integrated knowledge acquisition and task-087

specific adaptation.088

The paper is structured as follows: task overview,089

methodology, experimental setup, results, limita-090

tions, and conclusions.091

2 Task overview092

This study utilizes data from the COLING 2025093

Regulations Challenge (Wang et al., 2024), which094

benchmarks LLM performance across nine regu-095

latory and financial tasks. The abbreviation recog-096

nition task (Abb) tests acronym identification and097

expansion; the definition recognition task (Def)098

focuses on extracting definitions; the Named En-099

tity Recognition (NER) Task identifies and catego-100

rizes entities such as organizations, laws, and mon-101

etary values. The question answering task (QA)102

assesses responses to complex legal queries, and103

the link retrieval task (Link) challenges models to104

locate legal documents within extensive corpora.105

The certificate question task (CFA) involves solv-106

ing CFA and CPA-style multiple-choice questions,107

while the XBRL analytics task (XBRL) examines108

data extraction from XBRL filings. The Common109

Domain Model (CDM) task evaluates fintech in-110

dustry interoperability standards, and the Model111

Openness Framework (MOF) licenses task tests un-112

derstanding of licensing compliance. These tasks113

collectively evaluate the linguistic, analytical, and114

reasoning capabilities of LLMs.115

3 Methodology116

This study proposes a sequential fine-tuning frame-117

work to enhance multitasking with a single LLM118

in financial domains. By structuring tasks in a119

domain-relevant sequence, the model internalizes120

foundational knowledge before tackling complex121

challenges. It also integrates response patterns and 122

stylistic adaptation to reinforce reasoning. 123

3.1 Sequential Training Strategy 124

The key innovation lies in leveraging sequential 125

training to mitigate catastrophic interference, en- 126

hance task-specific generalization, and optimize 127

knowledge transfer across related tasks. The se- 128

quential fine-tuning organizes the training pro- 129

cess into three phases: foundational knowledge, 130

question-answering patterns, and stylistic adapta- 131

tion, ensuring effective knowledge transfer while 132

minimizing catastrophic forgetting. 133

3.1.1 Foundational Knowledge 134

The first phase fine-tunes the LLM on essential 135

foundational knowledge, providing a strong base 136

for all tasks. It introduces the model to domain- 137

specific terminology, regulatory concepts, and gen- 138

eral task structures. For instance, training on legal 139

definitions, XBRL taxonomies, financial regulation 140

and accounting helps the model develop a baseline 141

understanding necessary for advanced reasoning. 142

This phase is crucial for preventing task-specific 143

overfitting in later fine-tuning stages, ensuring ro- 144

bust knowledge transfer. 145

3.1.2 Question-Answering Pattern 146

The second phase focuses on fine-tuning the model 147

for question-answering patterns. This phase en- 148

ables the model to interpret queries and generate 149

concise, contextually accurate responses. Train- 150

ing data includes question-answer pairs from tasks 151

such as regulatory compliance queries, financial 152

certification exams, and document retrieval. By 153

learning to structure responses effectively, the 154

model gains flexibility in handling various task for- 155

mats, enhancing reasoning and adaptability. This 156

phase ensures that the model interprets task require- 157

ments and provides precise, task-aligned outputs. 158

3.1.3 Stylistic-Answer Adaptation 159

The final phase fine-tunes the model to generate 160

responses that adhere to domain-specific stylis- 161
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tic requirements. Regulatory and financial tasks162

often require structured formats, such as formal163

language, concise summaries, or well-organized164

answers. For example, the Definition Recogni-165

tion Task demands clear, precise definitions, while166

the Certificate Question Task requires structured167

multiple-choice responses. This phase ensures the168

model produces outputs that align with real-world169

expectations, improving usability and user trust.170

3.2 Task Management171

Group Domain Task Training size Metrics

Group 1

CDM All Required 2,414

BERTscore

Definition All Required 1,720
QA All Required 1,349
XBRL Domain and numeric query (D&N que) 723
MOF Detailed QA 424
XBRL XBRL Terminology (Term) 143

Group 2
Abbreviation EMIR 210

ROUGE-1Abbreviation Stock Tickers (NYSE) 8,320
MOF License Abbreviations (Lic-abb) 240

Group 3

NER EMIR 1,905 F1score
XBRL XBRL tag query (Tag que) 1,209

Accuracy

XBRL Financial Math (Fin-math) 222
CFA CFA Level 1 1,032
Link-Retrieval All Required 460
MOF License approval (Lic-app) 380

Table 1: Sequence of tasks in sequential fine-tuning

3.2.1 Task Grouping172

Tasks are grouped based on their domain relevance,173

complexity, and functional characteristics, as out-174

lined in Table 1. The nine regulatory tasks from the175

Regulations Challenge were organized into three176

groups based on the metrics used for evaluation.177

Tasks sharing similar functional attributes but dif-178

fering in evaluation metrics, such as XBRL Tag179

Query and XBRL Financial Math, are separated180

to maintain focus. In contrast, tasks with thematic181

similarities, such as XBRL Terminology and Defi-182

nition Recognition, which share thematic elements,183

are grouped to leverage overlapping knowledge.184

3.2.2 Task Ordering185

Task ordering was strategically designed to opti-186

mize knowledge transfer while minimizing task in-187

terference. The sequence began with general tasks188

that foundational knowledge and broad applicabil-189

ity, leveraging diverse datasets and evaluation met-190

rics such as BERTScore. For example, legal and191

financial definition tasks were prioritized for their192

generalizability. Following this, tasks requiring193

high specificity and precision, such as abbreviation194

retrieval, which used ROUGE-1 as an evaluation195

metric, were fine-tuned. Finally, highly specialized196

tasks such as link retrieval, which rely on explicit197

memorization and direct dataset references, were198

trained last. This approach preserved the model’s199

knowledge base and reasoning patterns from earlier 200

phases, ensuring minimal task interference. 201

3.3 Task-Specific Prompts and Templates 202

This framework unifies multiple regulatory tasks by 203

incorporating task-specific prompts and input tem- 204

plates, ensuring accurate and consistent responses. 205

These tailored prompts address the unique require- 206

ments of each task, enabling efficient handling of 207

diverse regulatory challenges while maintaining 208

coherence. Table 5 outlines the tasks and their cor- 209

responding prompts, demonstrating the precision 210

and reliability of this approach. 211

4 Experimental Setting 212

This section outlines the datasets, training configu- 213

rations, and evaluation metrics in this study. 214

4.1 Datasets 215

The COLING-2025 Regulations Challenge dataset1 216

integrates regulatory data from sources such as 217

EUR-LEX, SEC, Federal Reserve, and XBRL, sup- 218

porting tasks such as abbreviation recognition, def- 219

inition extraction, and question answering across 220

domains such as EMIR and U.S. financial laws. 221

Structured for sequential fine-tuning, it captures 222

foundational knowledge, question-answer pairs, 223

and stylistic nuances for specialized tasks. The 224

validation set2 (Wang, 2024) spans 29 acronyms, 225

16 stock tickers, 19 definitions, 4 NER samples, 20 226

QA cases, and 22 link retrieval tasks, along with 227

datasets from XBRL (54 terms, 100 financial math 228

cases), CDM (16 product/process examples), MOF 229

(17 licensing tasks), and CFA (1,032 Flare-CFA 230

samples 3). The testing set evaluates 444 abbre- 231

viations, 162 definitions, 45 NER tasks, 103 QA 232

cases, 161 link retrieval tasks, 391 XBRL terms, 233

90 financial math cases, and MOF queries (e.g., 234

licenses and approvals). These datasets provide 235

a benchmark for assessing model robustness and 236

accuracy in regulatory and financial contexts. 237

4.2 Training Setup 238

The model is fine-tuned using PEFT with LoRA, 239

configured with a rank of 32, a scaling factor of 240

32, a 5% dropout rate, and 10 epochs. Training 241

employed a per-device batch size of 1, with gradi- 242

ent accumulation over 8 steps and a learning rate 243

1https://coling2025regulations.thefin.ai
2https://github.com/Open-Finance-

Lab/Regulations_Challenge
3https://huggingface.co/datasets/ChanceFocus/flare-cfa
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Method Task1 Task2 Task3 Task4 Task5 Task6 Task7 Task8 Task9

Model Q&A Style
Overall

Abb Def NER QA Link CFA
XBRL

CDM
MOF

Task Know- score Term D&N que Fin-math Tag que Lic-Abb Lic-App QA
sequence ledge R1 BERT F1 BERT Acc BERT Acc BERT R1 Acc BERT

Llama3.1-ins-8B Baseline 53.83 30.92 85.52 46.32 84.58 7.65 58.81 84.75 85.42 10.61 21.63 83.53 9.93 66.25 77.7
Qwen2.5-ins-7B Baseline 55.3 27.5 85.79 50.41 85.16 8.75 68.94 84.32 83.45 12.68 31.2 83.14 9.85 66.02 77.02
THaLLE0.1-7B Baseline 54.83 27.28 86.64 48.53 85.11 8.72 67.8 84.52 82.8 10.18 30.77 83.12 9.85 65.47 76.78

Non-seq 54.65 26.52 81.63 49.05 86.8 8.48 68.26 86.77 81.75 12.75 30.19 79.12 9.87 64.59 79.33
G1-G2-G3 ✓ 59.78 45.83 80.41 62.44 78.03 27.1 62.82 77.91 78.26 61.11 27.17 74.41 14.29 68.17 78.94
G1-G3-G2 ✓ 57.5 43.13 80.59 59.25 77.06 25.32 58.99 72.35 74.35 57.07 25.93 76.42 13.28 63.34 77.86
G2-G1-G3 ✓ 59.14 44.89 81.18 63.78 75.26 26.86 60.98 75.12 78.02 60.18 26.82 76.15 14.29 67.65 76.79
G2-G3-G1 ✓ 55.78 27.28 85.37 51.22 86.3 8.72 70.73 85.86 82.7 12.7 30.93 85.63 9.97 66.88 76.68
G3-G1-G2 ✓ 55.51 42.09 77.86 57.66 74.11 24.34 56.66 69.19 71.87 54.7 24.93 73.05 12.97 62.14 75.52

Finetune G3-G2-G1 ✓ 55.79 41.81 78.62 57.06 74.58 24.79 56.46 69.71 72.33 55.77 24.88 74.83 12.97 61.45 75.78
Qwen2.5-ins-7B G1-G2-G3 ✓ 57.94 44.79 78.08 60.14 74.52 26 60.6 76.33 75.87 58.9 26.34 72.29 13.83 66.18 77.32

G1-G2-G3 ✓ 61.69 47.01 82.79 65.44 80.1 27.78 64.51 79.51 80.3 63.74 27.77 78.19 14.88 69.88 81.7
G1-G2-G3 ✓ ✓ 63.82 47.48 84.38 68.61 84.96 28.79 66.39 81.65 81.55 66.45 28.94 83.1 15.53 72.18 83.52
G1-G2-G3 ✓ ✓ 61.63 46.93 82.74 65.71 79.99 27.66 64.78 79.05 79.9 63.23 27.93 78.59 14.9 69.46 81.98
G1-G2-G3 ✓ ✓ ✓ 66.42 49.77 87.67 70.66 88.44 30.01 68.72 84.92 84.46 69.77 29.91 86.7 16.12 74.91 87.82

Table 2: Comparison of Fine-Tuning Strategies and Task Orderings on the test Set (%).

of 0.0002, optimized with AdamW. A warm-up244

phase is applied for stability. Datasets are shuffled245

with a fixed seed of 42 to ensure reproducibility.246

Training is conducted on an NVIDIA A6000 GPU247

over a span of 26 hours, utilizing mixed-precision248

to enhance computational efficiency.249

4.3 Evaluation Metrics250

This study evaluates LLM performance across nine251

regulatory tasks using tailored metrics: mean Ac-252

curacy (Acc) for Link Retrieval, CFA, XBRL fi-253

nancial math, XBRL tag query and MOF License254

OSI Approval; mean ROUGE-1 F1-score (R1) (Lin,255

2004) for Abbreviation Recognition and MOF Li-256

cense Abbreviation; mean BERTScore with the257

roberta-large setting (BERT) (Zhang et al., 2019)258

for tasks such as Definition Recognition, XBRL259

terminology and Question Answering; and mean260

F1-score (F1) for NER. The overall score is the261

mean of all tasks, weighted equally.262

5 Experimental Results and Discussion263

Table 2 compares fine-tuning strategies, task or-264

dering, and training phases across nine tasks from265

the regulations Challenge, highlighting the ben-266

efits of sequential fine-tuning over baseline and267

non-sequential approaches. Zero-shot baseline268

models struggled with domain-specific tasks, with269

Llama3.1-ins, Qwen2.5-ins, and THaLLE0.1270

achieving mean scores of 53.83%, 55.3%, and271

54.83%, respectively. Non-sequential fine-tuning272

slightly improved performance (54.65%) but suf-273

fered from catastrophic interference. In contrast,274

sequential fine-tuning with predefined task order-275

ing (BERTScore-evaluated tasks → ROUGE-1276

tasks → precision-based tasks) achieved a higher277

mean score of 66.42%, effectively leveraging foun-278

dational knowledge, question-answering patterns,279

and stylistic adaptation. Notable gains include280

MOF license QA (87.82% BERT) and abbreviation 281

recognition (87.67% ROUGE-1). The results un- 282

derscore the importance of task ordering in optimiz- 283

ing knowledge transfer. Incorporating all training 284

phases improved knowledge retention, reasoning 285

flexibility, and stylistic coherence, leading to more 286

consistent performance across tasks. 287

6 Conclusion 288

This study presents a sequential fine-tuning frame- 289

work to enhance LLMs for regulatory and financial 290

multitask learning. By structuring tasks into foun- 291

dational, generalized, and specialized categories, 292

the framework improves financial question answer- 293

ing and link retrieval while addressing catastrophic 294

forgetting. Unlike inference-based methods, it in- 295

corporates question-answer pairs, stylistic adap- 296

tation, and reasoning during training, enhancing 297

scalability. Despite challenges with sparse and 298

context-dependent data, the findings underscore the 299

effectiveness of structured task sequencing in de- 300

veloping robust and adaptable LLM applications. 301

Limitations 302

Despite notable improvements, certain tasks, such 303

as XBRL Tag Query and MOF License Approval, 304

demonstrate potential for further refinement. Fu- 305

ture research may explore data augmentation to 306

enhance dataset diversity, dynamic task ordering 307

that adjusts based on real-time performance met- 308

rics, and advanced fine-tuning techniques, such as 309

multi-stage fine-tuning or memory networks, to mit- 310

igate catastrophic forgetting. Moreover, hardware 311

constraints present a significant limitation, as the 312

computational demands of training and inference 313

on large models affect scalability and accessibility. 314

Addressing these challenges could further enhance 315

the adaptability and efficiency of LLMs in regula- 316

tory and financial domains. 317
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A Appendices 747

A.1 Model selection 748

Task Metrics Llama3.1-ins Qwen2.5-ins THaLLE0.1
Abbreviation (Ticker) R1 1.658 1.323 5.051
Abbreviation (Acronym) R1 29.070 32.298 51.810
Definition BERT 83.950 85.633 86.077
NER BERT 31.434 76.113 68.290
QA BERT 86.119 85.700 85.692
Link retrieval Acc 6.533 27.814 21.847
CFA Level 1 Acc 58.624 67.966 66.860
XBRL (Terminology) R1 82.540 80.599 82.218
XBRL (Domain-numeric query) R1 81.464 79.713 80.421
XBRL (Financial math) R1 0.813 1.276 0.743
XBRL (Tag query) R1 12.573 79.254 57.143
CDM BERT 81.921 81.465 81.976
MOF (License OSI approval) Acc 0.000 0.000 0.000
MOF (Detailed QA) BERT 89.128 87.476 86.854
MOF (License abbreviation) BERT 14.306 9.607 12.118

Overall score 44.009 53.082 52.473

Table 3: Model performance comparison on the valida-
tion set (%)

To assess performance for model selection, 749

we compared Qwen2.5-7B-Instruct4 (Team, 2024; 750

Yang et al., 2024) with Llama-3.1-8B-Instruct5 and 751

THaLLE-0.1-7B-fa6 (Labs et al., 2024) across mul- 752

tiple tasks. Table 3 provides a detailed compari- 753

son, showcasing Qwen2.5-7B-Instruct as a strong 754

contender, particularly excelling in reasoning and 755

domain-specific tasks. With its 7 billion parame- 756

ters, the model maintains an optimal balance be- 757

tween computational efficiency and the ability to 758

handle complex tasks. Given its superior perfor- 759

mance and well-balanced architecture, we selected 760

Qwen2.5-7B-Instruct as the base model for fine- 761

tuning across various financial and regulatory tasks. 762

4https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
5meta-llama/Llama-3.1-8B-Instruct
6https://huggingface.co/KBTG-Labs/THaLLE-0.1-7B-fa
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A.2 Comparison of default Prompt and our763

fine-tune system prompt764

Task Metric Default Our
Abbreviation (Ticker) R1 1.333 2.273
Abbreviation (Acronym) R1 32.588 66.004
Definition BERT 86.330 85.525
NER BERT 76.752 77.463
QA BERT 86.384 86.384
Link retrieval Acc 28.095 33.394
CFA Level 1 Acc 68.508 68.508
XBRL (Terminology) R1 81.333 82.397
XBRL (Domain-numeric query) R1 80.415 79.869
XBRL (Financial math) R1 1.289 1.548
XBRL (Tag query) R1 80.000 82.500
CDM BERT 82.159 82.234
MOF (License OSI approval) Acc 0.000 0.000
MOF (Detailed QA) BERT 87.476 86.878
MOF (License abbreviation) BERT 9.704 20.267

Overall score 53.491 57.016

Table 4: Comparison of default prompt and our fine-
tune system prompt on the validation set (%).

Table 4 compares the performance of our fine-765

tuned system prompt and input template (detailed766

in Table 5) against ChatGPT’s default system767

prompt (“You are a helpful assistant”) (Zheng et al.,768

2024), using the same input template from Table769

5. Our fine-tuned prompt consistently outperforms770

the default, raising the overall mean score from771

53.49 to 57.02. Notable improvements are seen in772

acronym abbreviation (32.59 → 66.00), ticker ab-773

breviation (1.33 → 2.27), and link retrieval (28.10774

→ 33.39), highlighting its effectiveness in handling775

complex abbreviations and legal linking. Addi-776

tional gains are observed in NER, XBRL Terminol-777

ogy, and XBRL Tag Query tasks, where the fine-778

tuned prompt successfully addresses previously un-779

handled cases. However, Definition, QA, and CFA780

tasks show minimal improvements, indicating ar-781

eas for further refinement. Overall, these results782

confirm that tailored prompt fine-tuning enhances783

LLM accuracy and reliability, particularly for spe-784

cialized and complex tasks.785

A.3 The task-specific system prompts and 786

input template for fine-tuning the LLM 787

Table 5 presents the task-specific system prompts 788

and input templates used for fine-tuning the lan- 789

guage model. 790

A.4 Chat template, features, and labels for 791

fine-tuning the LLM 792

The chat template used for fine-tuning the LLM 793

follows the structure: 794

<|im_start|>system 795

{system_prompt}<|im_end|> 796

<|im_start|>user 797

{user_prompt}<|im_end|> 798

<|im_start|>assistant 799

{assistant_response}<|im_end|> 800

The system prompt is provided in Table 5. The 801

user prompt varies based on the training objec- 802

tive. For foundational knowledge and question- 803

answering strategy, it corresponds to the features 804

listed in Table 6. For stylistic-answer adaptation 805

strategy, the user prompt begins with the input tem- 806

plate, followed by the appropriate feature from Ta- 807

ble 6. The assistant response for each training strat- 808

egy serves as the corresponding label, as detailed 809

in Table 6. 810

A.5 Queries and expected responses of a 811

fine-tuned LLM 812

Table 7 presents examples of queries and expected 813

responses for each task in fine-tuning the LLM. 814
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Task Input Templates System Prompt
Abbreviation Expand the following acronym into its full form: {acronym}. Answer: You are an expert in abbreviation-expanded-form matching for financial regulation. Analyze

and expand the following acronym into its official full form. Provide the most accurate
expansion only.

Definition Define the following term: {regulatory term or phrase}. Answer: You are an expert in definition recognition. Define the following term while categorizing
it into regulatory or financial domains (e.g., Federal Reserve Regulations, Accounting).
Provide the definition clearly and concisely.

NER Given the following text, only list the following for each: specific Organizations, Legislations,
Dates, Monetary Values, and Statistics: {input text}.

You are an expert in Name entity recognition. Extract and classify entities such as Organiza-
tions, Legislations, Dates, Monetary Values, and Statistics from the given text. Return the
output in JSON format with proper labels.

QA Provide a concise answer to the following question: {detailed question}? Answer: You are an expert in regulations and finance. Provide precise and accurate answers to detailed
questions about regulatory practices or laws based on the provided query.

Link retrieval Provide a link for {Law} law, Write in the format of ("{Law}: {Link}" or "{Law}: Not able
to find a link for the law")

You are an expert in link retrieval. Provide a link for the specified regulation based on its
name and format. Ensure the URL follows the correct structure (e.g., EUR-Lex). Return
only the link or specify if unavailable.

CFA (This context is used for the question that follows: {context}). Please answer the following
question with only the letter and associated description of the correct answer choice: {ques-
tion and answer choices}. Answer:

You are a financial expert tasked with solving a certificate exam question. Break down
the query logically, analyze each answer choice, and provide the best answer based on
regulations or financial principles.

XBRL Provide the exact answer to the following question: {detailed question}? Answer: You are an expert in eXtensible Business Reporting Language (XBRL). Provide precise
answers to detailed questions about financial data using eXtensible Business Reporting
Language. Address areas such as definitions, calculations, or US GAAP tags systematically.

CDM Provide a concise answer to the following question related to Financial Industry Operating
Network’s (FINO) Common Domain Model (CDM): {detailed question}? Answer:

You are an expert in Common Domain Model (CDM). Provide accurate and precise responses
to questions related to the CDM within the financial and fintech context. Break down terms
or processes where applicable.

MOF Provide a concise answer to the following question about MOF’s licensing requirements:
{detailed question}? Answer:

You are an expert in Model Openness Framework (MOF). Answer queries about license
requirements, OSI approval, or abbreviations with precision and clarity. Provide only the
relevant details.

Table 5: Fine-tune task-specific system prompts and input templates

Training strategy Features (X) Label (Y)
Foundational lnowledge the straight-line method. The straight-line depreciation method evenly distributes the cost of an asset over

its useful life. To determine the annual depreciation expense, the asset’s initial
purchase price and its estimated salvage value at the end of its lifespan are
considered. The difference between these values represents the total depreciable
amount, which is then divided by the number of years the asset is expected
to be in use. This results in a consistent annual expense, helping businesses
systematically allocate costs and assess the asset’s declining value over time.

Question-answering pattern An asset with a purchase price of $7229.15 and a salvage value of $860.73 is
depreciated over 2 years using the straight-line method.How do you calculate
the annual depreciation expense? Provide the solution.

Annual Depreciation = (Purchase Price- Salvage Value) / Useful Life = (7229.15
860.73)/2 = 3184.21

Stylistic-answer adaptation An asset with a purchase price of $7229.15 and a salvage value of $860.73 is
depreciated over 2 years using the straight-line method. What is the annual
depreciation expense?

Answer: $3184.21

Table 6: Examples of features and labels for each training strategy in fine-tuning LLM

Task Query Expected response in stylistic-answer format

Abbreviation
Ticker EIG Answer: Employers Holdings Inc.
Acronym EMIR Answer: European Market Infrastructures Regulation

Definition
Financial Stability Oversight Council (FSOC) Collaboration Answer: The Federal Reserve works closely with the FSOC, a body established to identify and

monitor systemic risks to the financial system. While FSOC oversees macroprudential risks, the Fed
focuses on ensuring financial institutions comply with regulations that maintain system stability.

NER

Regulation (EU) No 648/2012 of the European Parliament and
of the Council of 4 July 2012 on OTC derivatives, central coun-
terparties and trade repositories (“EMIR”) entered into force on
16 August 2012.

Answer: {"Organizations":["European Parliament","Council of the European
Union"],"Legislations":["Regulation (EU) No 648/2012"],"Dates":["4 July
2012","16 August 2012"],"Monetary Values":[],"Statistics":[]}

QA What two major segments is the insurance industry divided into? Answer: Property/casualty insurance
Link retrieval Advertisement of Membership (Part 328) Answer: https://www.ecfr.gov/current/title-12/chapter-III/subchapter-B/part-328

CFA
Question: The nominal risk-free rate is best described as the
sum of the real risk-free rate and a premium for: A. Maturity, B.
Liquidity, C. Expected Inflation

Answer: C. Expected Inflation

XBRL

Terminology Authoritative Reference Answer: Citations to specific authoritative accounting literature (pronouncements, standards, rules,
and regulations) derived from various authoritative sources (Securities and Exchange Commission,
Financial Accounting Standards Board, American Institute of Certified Public Accountants, etc.)
and used to help define an element.

Financial A project expects annual cash inflows of $6,000 for 4 years. Answer: 21462.58
math If the discount rate is 8%, what is the NPV of the project?
Domain What is the FY2019 fixed asset turnover ratio for Activision Answer: 24.26
numeric Blizzard? Fixed asset turnover ratio is defined as:
query FY2019 revenue / (average PP&E between FY2018 and

FY2019). Round your answer to two decimal places. Base
your judgments on the information provided primarily in the
statement of income and the statement of financial position.

XBRL What is the US GAAP XBRL tag for Accounts Payable as Answer: us-gaap:AccountsPayableAndAccruedLiabilitiesCurrent
tag query to
XBRL reports

reported by Verizon Communications Inc for the Fiscal Year
ending in FY 2023? (Response format: XBRL tag, e.g., ’Answer:
us-gaap:Depreciation’)

Financial ratio
formula with
XBRL tags

What is the value of Chevron Corp’s Net Profit Margin for the
Fiscal Year ending in FY 2021? (Response format: Percentage,
e.g., ’45.5%’)

Answer: 9.62%

CDM

What Is the Process Model? Answer: The CDM Process Model has been designed to translate the technical standards that
support those industry processes into a standardised machine-readable and machine-executable
format. Machine readability and executability is crucial to eliminate implementation discrepancy
between market participants and increase interoperability between technology solutions. It greatly
minimises the cost of adoption and provides a blueprint on which industry utilities can be built.

MOF

License OSI BSD 3-Clause License Answer: Yes
approval
License APL-1.0 Answer: Adaptive Public License 1.0
abbreviation
Detail QA What type of license is the Apache License, Version 2.0? Answer: The Apache License is a permissive free software license written by the Apache Software

Foundation.

Table 7: Examples of queries and expected responses

10


	Introduction
	Task overview
	Methodology
	Sequential Training Strategy
	Foundational Knowledge
	Question-Answering Pattern
	Stylistic-Answer Adaptation

	Task Management
	Task Grouping
	Task Ordering

	 Task-Specific Prompts and Templates

	Experimental Setting
	Datasets
	Training Setup
	Evaluation Metrics

	Experimental Results and Discussion
	Conclusion
	Appendices
	Model selection
	Comparison of default Prompt and our fine-tune system prompt
	The task-specific system prompts and input template for fine-tuning the LLM
	Chat template, features, and labels for fine-tuning the LLM
	Queries and expected responses of a fine-tuned LLM


