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Motivation 

Why reasoning LLMs for finance? 
 Financial tasks require logic, multi-step reasoning, and reliability.
 Prior general-purpose and financial LLMs (e.g., ChatGPT[1],

BloombergGPT[2], XuanYuan[3]) ≈ strong NLP but weak reasoning.
 OpenAI-o1[4] demonstrated its reasoning power but is closed-source and

costly.
 DeepSeek-R1[5]: first open-weight reasoning LLM with o1-level ability.
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Timeline of the development of general-purpose and financial LLMs 
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Research Goals & Contributions 

Objectives: 
 Explaining DeepSeek-R1’s technical foundation.
 Benchmarking it on public financial QA datasets.
 Discussing opportunities, limitations, and future directions.

Key Contributions: 
 First quantitative study of a reasoning LLM in finance.
 Demonstrating reasoning-driven gains over generic LLMs.
 Proposing a roadmap for federated, collaborative, and multimodal

financial AI.
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Chain-of-Thought (CoT) Reasoning 

Concepts: 
 Prompting “think step by step”

elicits explicit reasoning
chains [6]

 Enhancing interpretability and
accuracy

 Variants: self-consistent CoT,
Tree-of-Thought, Graph-of-
Thought

Impact on DeepSeek-R1: 
 Integrating CoT into training

via reinforcement learning
 Enabling systematic,

transparent problem-solving
Prompting DeepSeek-V3 to raise and answer a 
financial question with and without chain-of-thought 
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DeepSeek-R1 Training Pipeline 

Four Stages of the Training 
Pipeline: 
 Cold-start SFT → Model M1
 Reasoning-focused RL (GRPO

algorithm) → M2
 Rejection Sampling + SFT → M3
 Final RL Alignment →

M4 (DeepSeek-R1)

Highlights: 
 671B parameters, high-quality CoT

data
 Likely including finance-related

reasoning examples
Overview of the DeepSeek-R1 training 
pipeline: (a) four-stage training steps; 
(b) knowledge distillation pipeline
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DeepSeek-R1 Knowledge Distillation 

Goal:  
Deploying reasoning skills in smaller 
LLMs 

Distilled Student Models: 
Distilled from M2 to Qwen- and Llama-
based models (1.5B–70B parameters) 

Performance of Students: 
 DeepSeek-R1-Distill-Qwen-32B ≈

comparable accuracy on
math/coding, demonstrating
feasible reasoning transfer

Overview of the DeepSeek-R1 training 
pipeline: (a) four-stage training steps;  
(b) knowledge distillation pipeline

Front In
form Technol Electro

n Eng



Financial QA Benchmarking 

Datasets 
 FinEval (1321 QAs): finance, economics, accounting, certification
 FinanceIQ (7173 QAs): 10 exams from different financial subjects

Results 

Findings 
 Reasoning LLMs ≫ standard LLMs.
 DeepSeek models are stronger in Chinese financial knowledge

compared to OpenAI models.
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Financial QA Benchmarking 

DeepSeek-R1 can perform precise calculations and handle basic compound interest 
problems in finance. Nevertheless, because of its restricted advanced financial 
knowledge, it may be confused by irrelevant conditions in certain complex problems. 

Two cases of DeepSeek-R1’s answers to finance math questions. The original Chinese and 
translated English contents are shown below for readability. DeepSeek-R1’s reasoning contents 
(>1000 characters) are in gray and shortened for space limitation. The same prompting template 
is used for all LLMs.  
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Opportunities in Financial Applications 

Three Emerging Roles 

Financial Text Processor: 
summaries, regulation 
interpretation, and 
compliance review 

Numerical Analysis Aide: 
precise calculations and 
reasoning for financial math 

Financial Educator:  
step-by-step explanations 
for training and certification 
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Limitations & Future Directions 

Current Limitations: 
 Small-scale benchmarks only 
 Residual hallucination risk 
 Inefficient “slow-thinking-only” mode 
 Lack of multimodal (financial 

charts/time series) capability 
 
Future Research: 
 Federated Financial Reasoning LLMs – 

privacy-preserving training 
 Fast & Slow Thinking Collaboration – 

hybrid System-1/2 models 
 Multimodal Financial Agents – charts + 

text + audio integration 

An implementation of federated financial LLM 
training frameworks 
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Conclusions & Key References 

DeepSeek-R1 
 brings reasoning LLMs into finance research
 outperforms prior models in accuracy and explainability
 opens new avenues for trustworthy, efficient, and federated financial AI
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