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[1] Chain-of-Thought Prompting Elicits Reasoning in Large Language Models, Wei et al., NeurlPS 2022
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Step 1: CoT reasoning
— Question: Natalia sold clips to 48 of her friends in April, and then she sold half as many clips in May. How many clips
did Natalia sell altogether in April and May?
— Answer: Let’s think step by step.
— Response: Natalia sold 48 * 2 = 96 clips in May. Natalia sold 48+96 = 144 clips altogether in April and May.
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Step 1: CoT reasoning

— Question: Natalia sold clips to 48 of her friends in April, and then she sold half as many clips in May. How many clips
did Natalia sell altogether in April and May?
— Answer: Let’s think step by step.

— Response: Natalia sold 48 * 2 = 96 clips in May. Natalia sold 48+96 = 144 clips altogether in April and May.

Step 2: self-rethinking
— Question: Natalia sold clips to 48 of her friends in April, and then she sold half as many clips in May. How many clips
did Natalia sell altogether in April and May?

— Your output: Natalia sold 48 * 2 = 96 clips in May. Natalia sold 48+96 = 144 clips altogether in April and May.
— Do vou make similar mistakes with the following examples: ###Error Type 1: Misapplication of Algebraic Identities: ...
— Response: Yes, I make a mistake.
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Step 1: CoT reasoning
— Question: Natalia sold clips to 48 of her friends in April, and then she sold half as many clips in May. How many clips
did Natalia sell altogether in April and May?
— Answer: Let’s think step by step.
— Response: Natalia sold 48 * 2 = 96 clips in May. Natalia sold 48+96 = 144 clips altogether in April and May.

Step 2: self-rethinking
— Question: Natalia sold clips to 48 of her friends in April, and then she sold half as many clips in May. How many clips
did Natalia sell altogether in April and May?
— Your output: Natalia sold 48 * 2 = 96 clips in May. Natalia sold 48+96 = 144 clips altogether in April and May.
— Do you make similar mistakes with the following examples: ###Error Type 1: Misapplication of Algebraic Identities: ...
— Response: Yes, I make a mistake.

Step 3: correction (if they think they make mistakes)
— So the correct answer is:
— Response: Natalia sold 48/2 = 24 clips in May. Natalia sold 48+24 = 72 clips altogether in April and May.
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Methods GSMSK AQuA MathQA OpenbookQA LogiQA CR
Standard Prompting (Brown et al., 2020) 17.06 22.40 27.57 80.92 41.21 24.45
CoT (Madaan et al., 2023) 56.29 32.11 30.89 82.66 41.05 51.98
Self-refine (Madaan et al., 2023) 34.74 39.92 54.01 28.75 35.99 12.28
Self-consistency (Wang et al., 2022) 58.38 42.80 41.37 87.61 42.88 22.58
Self-rethinking (Ours) 65.13 44.72 43.95 87.71 49.12 54.53
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Methods GSMSK AQuA MathQA OpenbookQA LogiQA CR
Standard Prompting (Brown et al., 2020) 17.06 22.40 27.57 80.92 41.21 24.45
CoT (Madaan et al., 2023) 56.29 32.11 30.89 82.66 41.05 51.98
Self-refine (Madaan et al., 2023) 34.74 39.92 54.01 28.75 35.99 12.28
Self-consistency (Wang et al., 2022) 58.38 42.80 41.37 87.61 42.88 22.58
Self-rethinking (Ours) 65.13 44.72 43.95 87.71 49.12 54.53
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Models Methods GSMSK MathQA AQuA
Flan-T5-large | Standard finetuning 14.28 42.79 13.10
(780M) Mistake tuning 18.36 48.95 18.07
Flan-T5-xI Standard finetuning 23.81 47.24 17.81
(3B) Mistake tuning 24.29 52.22 20.99
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Models Methods GSMSK MathQA AQuA
Flan-T5-large | Standard finetuning 14.28 42.79 13.10
(780M) Mistake tuning 18.36 48.95 18.07
Flan-T5-xI Standard finetuning 23.81 47.24 17.81
(3B) Mistake tuning 24.29 52.22 20.99
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[2] Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks, Lewis et al., NeurlPS 2020
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