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human-like debate between agents

Methods:
Ran on Single Agent (1 agent - 1 round) & Multi Agent (3 agents - 2 plausible-looking but incorrect answers bypassed the gate,

DOWN: Confidence Gating Models were overconfident in the structure of the tokens (formatting,

To determine the initial LLMs confidence in its answer we used a operators) rather than arithmetic correctness. Consequently,

confidence score defined as the average probability of each token,
which is the average softmax score of the token logits as shown in
the formula below. The model was considered confident if this score
(c1) was above 0.8

rounds) on MMLU on GSM & Biographies benchmarks, initial query preventing the necessary debate from triggering.

passed to each agent, each generate answer, other agents told to
critique and modify their answer based on other answers. Repeats

Conclusion and Future Work
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