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- crucial ground truth labels, including "True,” "Half-True,” and
"False,” along with detailed explanations that elucidate the = SerpAPI Web Search: By embedding these real-time search results into the prompt, the o Predictive Generative Hybrid
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= Evaluates factuality factors in multiple iterations.
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= |ncorporates feedback loops for refined insights and improved veracity scoring.

= Function Calling: Function calls are strategically used to dynamically adjust analysis

Roadmap parameters based on real-time feedback. This adaptability is essential for calculating the
effectiveness of various thought patterns generated by our algorithm, ensuring that the most
logical and factually consistent chains are prioritized. pants¥e nafftrue 0 nafftrue
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- et rointod et Prompt LLM Functions Moving forward, we aim to expand our dataset and refine our algorithms to better handle the
F'[';:taaggtf{;'f:f = Factors RAG Thought Prompting dynamic and evolving nature of online information. Future work will focus on automating the
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Scraping) > Figure 6. Function Calling lllustration integration of real-time data feeds and enhancing the system’s adaptability to new and emerging
types of misinformation. We also plan to explore the ethical implications of Al in information
Together, these tools form a robust architecture where the generative Al system can ground its verification, ensuring that our advancements in Al veracity technologies are aligned with societal
responses in fact-checked and contextually relevant data, providing a structured and rigorous ap- values and norms.
Figure 3. The flowchart of our project. proach to misinformation detection.
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