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Humans can reflect on thoughts

LLMs generate chain of thought

Can an LLM reflect on its CoT?

What types of reflections help?
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Pan, et al. (2023)
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Reflexion: Language agents with verbal 

reinforcement learning

Yao, et al. (2022)
React: Synergizing reasoning and acting 

in language models



Prior Literature

Learning from feedback

Multi-model debate
Sources:

Pan, et al. (2023)
Automatically correcting LLMs: Surveying the 
landscape of diverse self-correction strategies



Prior Literature

Learning from feedback

Multi-model debate

Self-correction

Sources:
Pan, et al. (2023)

Automatically correcting LLMs: Surveying the 
landscape of diverse self-correction strategies



Prior Literature

Learning from feedback

Multi-model debate

Self-correction

Introspection

Ji, et al. (2023)
Towards mitigating hallucination in large language 

models via self-reflection

Madaan, et al. (2023)
Self-refine: Iterative refinement with self-feedback

Shinn, et al. (2023)
Reflexion: Language agents with verbal 

reinforcement learning

Toy, et al. (2024)
Metacognition is all you need? using introspection in 
generative agents to improve goal-directed behavior

Wang and Zhao (2023)
Metacognitive prompting improves understanding 

in large language models
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Models

Name Vendor Released License Source

Claude 3 Opus Anthropic 2024-03-04 Closed Anthropic (2024)

Command R+ Cohere 2024-04-04 Open Cohere (2024)

Gemini 1.0 Pro Google 2023-12-06 Closed Gemini Team (2023)

Gemini 1.5 Pro (Preview) Google 2024-02-15 Closed Gemini Team (2024)

GPT-3.5 Turbo OpenAI 2022-11-30 Closed OpenAI (2022)

GPT-4 OpenAI 2023-03-14 Closed OpenAI (2023)

Llama 2 7B Chat Meta 2023-07-18 Open Meta (2023)

Llama 2 70B Chat Meta 2023-07-18 Open Meta (2023)

Mistral Large Mistral AI 2024-02-26 Open Mistral AI (2024)



Agents

Baseline – no self-reflection

Retry – informed and retries

Keywords – list of error keywords

Advice – advice for improvement

Explanation – what caused error

Instructions – steps for solving

Solution – step-by-step solution

Composite – all six reflections

Unredacted – no redactions



Exams

Problem Set Benchmark Domain Questions License Source

ARC Challenge Test ARC Science 1,173 CC BY-SA Clark (2018)

AQUA-RAT AGI Eval Math 254 Apache v2.0 Zhong (2023)

Hellaswag Val Hellaswag Common Sense Reasoning 10,042 MIT Zellers (2019)

LogiQA (English) AGI Eval Logic 651 GitHub Liu (2020)

LSAT-AR AGI Eval Law (Analytic Reasoning) 230 MIT Wang (2021)

LSAT-LR AGI Eval Law (Logical Reasoning) 510 MIT Wang (2021)

LSAT-RC AGI Eval Law (Reading Comprehension) 260 MIT Wang (2021)

MedMCQA Valid MedMCQA Medicine 6,150 MIT Pal (2022)

SAT-English AGI Eval English 206 MIT Zhong (2023)

SAT-Math AGI Eval Math 220 MIT Zhong (2023)



[System Prompt]

You are an expert in {{topic}}.

Your task is to answer the following multiple-choice questions.

Think step-by-step to ensure you have the correct answer.

Then, answer the question using the following format ‘Action: Answer("[choice]")’

The parameter [choice] is the letter or number of the answer you want to select
(e.g. "A", "B", "C", or "D")

For example, ‘Answer("C")’ will select the choice "C" as the best answer.

You MUST select one of the available choices; 
the answer CANNOT be "None of the Above". 

Be concise in your response but include any essential information.

…



[Example Problem]

Topic: Geography

Question: What is the capital of the state where Johns Hopkins University 
is located?

Choices:
  A: Baltimore
  B: Annapolis
  C: Des Moines
  D: Las Vegas

[Example Solution]

Thought:

  Johns Hopkins University is located in Baltimore, Maryland.

  The capital of Maryland is Annapolis.

Action: Answer(“B”)



Topic: Science

Question: Red-clay bricks have a density of approximately 2000 kg/m^3. Air has a 
density of 1 kg/m^3. Which of the following has the lowest mass?

Choices:

  A: 2 m^3 of bricks

  B: 4 m^3 of bricks

  C: 6000 m^3 of air

  D: 10,000 m^3 of air



[System Prompt]

You are an expert in {{topic}}.

You have incorrectly answered the following multiple-choice question.

Your task is to reflect on the problem, your solution, and the correct answer.

You will then use this information help you answer the same question in the future.

First, explain why you answered the question incorrectly.

Second, list the keywords that describe the type of your errors 
from most general to most specific.

Third, solve the problem again, step-by-step, based on your knowledge 
of the correct answer.

Fourth, create a list of detailed instructions to help you correctly 
solve this problem in the future.

Finally, create a list of general advice to help you solve similar 
types of problems in the future.



Explanation:

I incorrectly calculated the mass of each option. 

I made a calculation error in option [REDACTED].



Explanation:

I incorrectly calculated the mass of each option. 

I made a calculation error in option [REDACTED].

Error Keywords:

 - Calculation error

 - Multiplication error

 - Unit error



Solution:

To find the lowest mass, we need to calculate the mass of each option.

Mass = Density x Volume

Option [REDACTED]: Mass = 2000 kg/m^3 x 2 m^3 = 4000 kg

Option [REDACTED]: Mass = 2000 kg/m^3 x 4 m^3 = 8000 kg

Option [REDACTED]: Mass = 1 kg/m^3 x 6000 m^3 = 6000 kg

Option [REDACTED]: Mass = 1 kg/m^3 x 10000 m^3 = 10000 kg

The option with the lowest mass is option [REDACTED], with a mass of 4000 kg.



Instructions:

1. Identify the density of each material.

2. Identify the volume of each option.

3. Calculate the mass of each option using the formula Mass = Density x Volume.

4. Double-check your calculations to ensure accuracy.

5. Choose the option with the lowest mass.



Advice:

 - Always read the question carefully and understand the problem.

 - Always decompose complex problems into multiple simple steps.

 - Always think through each subproblem step-by-step.

 - Never skip any steps; be explicit in each step of your reasoning.

 - Always double-check your calculations and final answer.

 - Remember to use the correct units in your calculations.



# Results

Questions: 100

Correct: 86

Incorrect: 14

Accuracy: 0.8600

Errors: 0

Input Tokens: 30072

Output Tokens: 4925

Total Tokens: 34997

…
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McNemar test

Binary outcomes

Paired by question
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where b and c are 
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Learn more

https://matthewrenze.com/research/self-reflection-in-llm-agents/
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