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Cognitive 
Science

Brain
Science

Medical 
Diagnosis

Negotiation

Reasoning is the cognitive process of drawing 
inferences or conclusions from observations, 
experiences, or information available to us. It 
involves the ability to analyze information, 
identify patterns and relationships, and make 
logical deductions based on those patterns 
and relationships.
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Math Problem

Commonsense

Question
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大模型可
能具有人
类心智？
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Pre-trained Language Model

PaLM 540B/GPT-3 175B/LaMDA 137B prompt learning

Emergent 
Abilities on 
Reasoning 
Tasks

Emergent Abilities of Large Language Models, TMLR 2022
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Chain of Thought (CoT)

Chain-of-Thought Prompting Elicits Reasoning in Large Language Models, NeurIPS 2022
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Main Contribution

• A new taxonomy of existing methods

• In-depth comparisons and discussions

• Summarize benchmarks and 
resources for beginners

• Potential future directions

in-context
exemplars

knowledge

instruction
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Standard Prompting

Q: 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?
T: The answer is :

LM

72

Few-shot Prompting

Q: There are 3 cars in the parking 
lot and 2 more cars arrive. How 
many cars are in the parking lot?
A: The answer is 5.

......
Q: 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?
A: The answer is :

LM

72

T
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Chain-of-Thought 
Prompting

Q: There are 3 cars in the parking 
lot and 2 more cars arrive. How 
many cars are in the parking lot?
C: There are 3 cars in the parking 
lot already. 2 more arrive. Now 
there are 3 + 2 = 5 cars.
A: The answer is 5.

......
Q: 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?

LM

C: Natalia sold 48 / 2 = 24 clips in 
May. Altogether, Natalia sold 48 + 
24 = 72 clips in April and May.
A: The answer is 72.

T
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Prompt Engineering: Single-Stage

• Sensitivity of in-context learning？

• Single-Stage

• complexity、diversity、explicity

Complexity-Based Prompting for Multi-step Reasoning, ICLR 2023

prompts with higher reasoning complexity, e.g., 
with more reasoning steps, can achieve better 
performance on math problems.
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Prompt Engineering: Single-Stage

• Sensitivity of in-context learning？

• Single-Stage

• complexity、diversity、explicity

Automatic Chain of Thought Prompting in Large Language Models 2022

Retrieval-Q-CoT fails due 
to misleading by similarity.

Errors frequently fall into 
the same cluster.
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Prompt Engineering: Multi-Stage

Least-to-Most Prompting Enables Complex Reasoning in Large Language Models 2022

• When human beings are reasoning, it is 
usually challenging to come up with the 
whole reasoning process in one stroke.

• Multi-Stage
• Decompose a complex problem into 

simpler sub-problems and reason stage 
by stage. add the sub-problem to the context at each stage
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Prompt Engineering: Multi-Stage

Decomposed Prompting: A Modular Approach for Solving Complex Tasks 2022

• When human beings are reasoning, it is 
usually challenging to come up with the 
whole reasoning process in one stroke.

• Multi-Stage
• Decompose a complex problem into 

simpler sub-problems and reason stage 
by stage.

design specific prompt for each sub-problem
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Process Optimization: Self-Optimization

• reasoning process plays a vital role in CoT 
prompting

• Self-Optimization
• calibrator、filter

Reframing Human-AI Collaboration for Generating Free-Text Explanations, NAACL 2022

fine-tunes a sequence-to-
sequence model as a filter 
to predict whether the 
rationale is acceptable.
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Process Optimization: Ensemble-Optimization

Self-Consistency Improves Chain of Thought Reasoning in Language Models 2022

introduces sampling strategies commonly used in 
natural language generation to obtain multiple 
reasoning processes and generate the most 
consistent answer by majority vote.

• the limitation of only one reasoning path

• Ensemble-Optimization

• majority vote、step-aware voting verifier
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Process Optimization: Iterative-Optimization

Large Language Models Can Self-Improve 2022

• LMs can achieve excellent performance in few-shot or zero-shot manners with prompts
• Iterative-Optimizatiopn
• try to repeat the process of prompting LMs to generate reasoning processes and use the 

instances with generated reasoning processes to finetune themselves.
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External Engine: Physical Simulator

• We can not have both fish and bear’s paw

• Physical Simulator

• physics engine

Mind’s Eye: Grounded Language Model Reasoning Through Simulation 2022
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External Engine: Code Interpreter

• With the emergence of LMs of code, 
collaborating LMs and codes to tackle 
specific tasks has recently sprung up

• Code Interpreter

• python code

PAL: Program-aided Language Models 2022
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Knowledge is the cornerstone of reasoning. 

• Researchers have shown that LMs contain 
considerable implicit knowledge

• Implicit Knowledge

• GPT-3、knowledge distillation

Implicit Knowledge 

applies GPT-3 with few-shot prompting to generate 
knowledge and prompts the downstream LM and 
draws support from reinforcement learning to further 
calibrate the knowledge.

RAINIER: Reinforced Knowledge Introspector for Commonsense Question Answering, EMNLP 2022
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Knowledge is the cornerstone of reasoning. 

• Although large LMs have shown strong generation 
ability they still have the tendency to hallucinate 
facts and generate inconsistent knowledge

• Explicit Knowledge

• retrieval

Explicit Knowledge 

formulates a selective annotation framework to 
avoid the need for a large labeled retrieval corpus.

Selective Annotation Makes Language Models Better Few-shot Learners, ICLR 2023
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Comparison of Language Models 

• LMs with larger model size contain more 
implicit knowledge for reasoning.

• PaLM-62B even performs better than LaMDA-
137B, possibly because it was trained on the 
higher-quality corpus.

• emergent ability

• Pretraining on code branch not only enables 
the ability of code generation/understanding 
but may also trigger the reasoning ability 
with CoT.
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Comparison of Prompts 

Explicit high-quality reasoning rationales contained in the 
input context are the keys for reasoning with LM prompting.

(Note that exemplars containing CoT in few-shot prompts can 
be viewed as a kind of instruction that arouses the reasoning 
ability hidden in large LMs.)
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Arithmetic 
Reasoning

Commonsense 
Reasoning

Symbolic

Reasoning

deduction induction

Logical

Reasoning

Multimodal 
Reasoning
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• ThoughtSource: a central, open resource for data and tools related to chain-of-thought 
reasoning in LLMs.

• LangChain: a library designed to help developers build applications using LLMs combined with 
other sources of computation or knowledge.

• LogiTorch: a PyTorch-based library for logical reasoning on natural language.

• λprompt: a library that allows for building a full large LM-based prompt machines, including 
ones that self-edit to correct and even self-write their own execution code.

• Promptify: Prompt Engineering, Solve NLP Problems with LLM's & Easily generate different 
NLP Task prompts for popular generative models like GPT, PaLM, and more with Promptify.

Tools
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Theoretical Principle of Reasoning

In-Context Learning (ICL)

Why Can GPT Learn In-Context? Language Models Secretly Perform Gradient Descent as Meta-Optimizers 2022
reStructured Pre-training 2022

Code Pretraining (Restructured Pretraining)
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Efficient Reasoning

Large LM efficient reasoning

A Survey on Retrieval-Augmented Text Generation 2022
Fast Model Editing at Scale, ICLR 2022

Large Language Models Are Reasoning Teachers 2022

Small LM reasoning

Retrieval Augmentation

Model Editing Knowledge Distillation
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Robust, Faithful and Interpretable Reasoning

On Second Thought, Let's Not Think Step by Step! Bias and Toxicity in Zero-Shot Reasoning 2022
Language Model Cascades, ICML workshop 2022

Bias and Toxicity in Zero-Shot Reasoning Probabilistic Program (cascades)
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PromptChainer: Chaining Large Language Model Prompts through Visual Programming, CHI LBW 2022

Neural Theory-of-Mind? On the Limits of Social Intelligence in Large LMs 2022

Model Chains

Multimodal (Interactive) Reasoning

Cognitive Science？

Social Intelligence？
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Generalizable (True) Reasoning

OOD

Analogical Reasoning, Casual Reasoning, Compositional Reasoning ... 

naive physics, commonsense psychology ...

Multimodal Analogical Reasoning
Multimodal Analogical Reasoning over Knowledge Graph, ICLR 2023

DEMO: https://huggingface.co/spaces/zjunlp/MKG_Analogy
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• Diagonal of P are intra-analogy 
attentions

• Anti-diagonal of P are inter-analogy 
attentions

 Attention values and keys

 Decompose attention scores into intra-analogy and inter-analogy 

 Do inter-analogy interactions adaptively

MarT: A Multimodal Analogical Reasoning Framework with Transformer
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MarT: A Multimodal Analogical Reasoning Framework with Transformer

“relations between objects, rather than 
attributes of objects, are mapped from 
base to target.”  -- Structure Mapping 
Theory

 Bring the relations closer and alienate the entities

 Cross-entropy loss in masked entity prediction

 Final loss function
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 The performance of MKGE and MPT methods are comparable.
 The analogical structures significantly improve performance.
 MarT_MKGformer perform best.
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Viewpoint 1

This survey summarizes that the large language models are a great progress, but in the real application, 
there are some faithful (factual correctness) problems which may need to be supervised.

Viewpoint 2

Whether large language models are all we need? How to bridge language understanding and reasoning?  
Interface of LM and Symbolic (prompt)

Viewpoint 3

We need more sound open datasets, tools, evaluation methods, etc.
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Related Surveys

1. Towards Reasoning in Large Language Models: A Survey.

2. A Survey of Deep Learning for Mathematical Reasoning.

3. A Survey for In-context Learning.

4. Knowledge-enhanced Neural Machine Reasoning: A Review.

5. Augmented Language Models: a Survey.

QR Code of our Github
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Reasoning with Language 
Model Prompting:

A Survey

we provide a review of reasoning with 
language model prompting, including 
comprehensive comparisons, and several 
research directions. In the future, we 
envision a more potent synergy between 
the methodologies from the NLP and 
other domains and hope sophisticated 
and efficient LM prompting models will 
increasingly contribute to improving 
reasoning performance. 

Github Paperlist: https://github.com/zjunlp/Prompt4ReasoningPapers
Paper: https://arxiv.org/abs/2212.09597
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