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1 Raw research report examples 

The following is an excerpt from the original text of the research report by Sina Finance (taking the 

research report of JinkoSolar as an example) 

… 

The company achieved operating revenue of 29.485 billion yuan in the first three quarters, repre-

senting a year-on-year growth of 7.99%. Net profit attributable to shareholders was 10.637 billion 

yuan, up 8.16% year-on-year. In the third quarter alone, the company achieved operating revenue of 

8.954 billion yuan, representing a year-on-year increase of 1.43%, and net profit attributable to 

shareholders of 3.076 billion yuan, a year-on-year decrease of 9.31%. In the second interim profit 

distribution plan for 2024, the company intends to distribute a cash dividend of 16.50 yuan (in-

cluding tax) per 10 shares to all shareholders, totaling 2.001 billion yuan (including tax). 

… 
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2 User interaction example 

 

Fig. S1 Execution workflow example. It demonstrates a stock trading order execution process, including user interaction for 

missing price info and system-driven trade completion 

3 UI interface 

 

Fig. S2 User interface of the intelligent agent trading system. The system features an agent collaboration architecture with User 

Agent, Trading Agent, Statistics panel, and Manual Trade modules 
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4 Prompt 

We introduced a series of carefully designed prompts that form the core of our agent’s reasoning and in-

struction generation capabilities. 

Fig. S3: Trading agent core task prompt: This figure depicts the primary instruction mechanism that defines 

the agent’s trading role and operational parameters based on user queries and market context. The system 

evaluates required data fields, including strategy, symbol, order type, and quantity, to identify the most relevant 

trade execution parameters, returning complete SQL statements that align with the operational requirements for 

automated trading. 

Fig. S4: Trading instruction generation prompt: This figure illustrates the contextual instruction framework 

that generates specific order types based on market movement scenarios. The system analyzes trading positions 

and price movements to identify the most appropriate order instructions, returning precise trading commands 

that align with risk management strategies and market conditions. 

Fig. S5: Financial reasoning assistant prompt: This figure demonstrates the structured reasoning mecha-

nism that breaks down complex financial problems into logical steps. The system evaluates financial questions 

and correct answers to identify the most relevant analytical approach, returning step-by-step reasoning and 

detailed justifications that align with sound financial principles. 

Fig. S6: Extended trading instruction prompt: This figure presents the comprehensive reasoning frame-

work that provides additional context and detailed analysis for trading scenarios. The system examines ex-

tended market contexts and multiple variables to identify nuanced trading instructions, returning sophisticated 

order strategies that align with complex trading environments. 
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Fig. S3 Core task prompt defining the trading agent’s role and required data fields 

 

Fig. S4 Example trading instruction prompt with context and stop-loss order 
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Fig. S5 Financial reasoning prompt for step-by-step analysis 

 

Fig. S6 Extended trading instruction prompt variant 

 


