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Typical Text-generation and Reasoning Workflow
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Vanilla text → text: Easy to use

from transformers import pipeline, set_seed
generator = pipeline('text-generation', model='gpt2')
generator("Hello, I'm a language model,", max_length=30, num_return_sequences=5)
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Vanilla text → text: Adapting Problem to the Tool

X Y

x1 y1

x2 y2

xm ym

data.tsv

import openai_api 

from transformers import AutoModel 

import torch
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Vanilla text → text: Adapting Problem to the Tool



Shortcomings of Vanilla text → text
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Shortcomings of Vanilla text → text

• Repeat Mistakes 
 
 
 

• Brittle 
 
 
 

• Inflexible
The response incorrectly assumes location to 
be Orlando, FL 

Model/App: Perplexity-pro + GPT-4
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Shortcomings of Vanilla text → text

• Repeat Mistakes 
 
 
 

• Brittle 
 
 
 

• Inflexible
User (me) provides feedback on the actual 
location (Pittsburgh, PA)

Model/App: Perplexity-pro + GPT-4
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Shortcomings of Vanilla text → text

• Repeat Mistakes 
 
 
 

• Brittle 
 
 
 

• Inflexible

Results for Pittsburgh, PA
Expectation

Reality

The same query 
next day

Model/App: Perplexity-pro + GPT-4
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Shortcomings of Vanilla text → text

• Repeat Mistakes 
 
 
 

• Brittle  
 
 
 

• Inflexible

Model/App: pi.ai
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Shortcomings of Vanilla text → text

• Repeat Mistakes 
 
 
 

• Brittle  
 
 
 

• Inflexible

Nathan has $12573.84. He bought 71 bagels for $48.19 
each. If he gets a discount of 7.5% on the total, how much 
money does he have left?

Model/App: ChatGPT
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Shortcomings of Vanilla text → text

• Repeat Mistakes 
 
 
 

• Brittle 
 
 
 

• Inflexible Single forward pass, jumps to generate 
an answer

Okay, but how long is my commute?

Model/App: pi.ai
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 Simple, Widely Applicable, Rapid Prototyping 

Feedback, Robustness, Flexibility
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Typical Text-generation and Reasoning Workflow



How can we go beyond the vanilla text → text 
paradigm?

Structure
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Structure

Definition

• Leveraging systematic, hierarchical, or relational data 
representation.  

• Introducing constraints, or inductive biases into the 
learning, reasoning, or decision-making processes.

Yoshua Bengio, Y., Courville, A., & Vincent, P. (2013). Representation Learning: A Review and New Perspectives. IEEE Transactions on Pattern Analysis and Machine Intelligence, 35(8), 1798-1828. Link 
Eduard Hovy, Roberto Navigli, and Simone Paolo Ponzetto. "Collaboratively built semi-structured content and Artificial Intelligence: The story so far." Artificial Intelligence 194 (2013): 2-27. 
Bottou, Léon. "From machine learning to machine reasoning: An essay." Machine learning 94 (2014): 133-149. 
Battaglia, Peter W., Jessica B. Hamrick, Victor Bapst, Alvaro Sanchez-Gonzalez, Vinicius Zambaldi, Mateusz Malinowski, Andrea Tacchetti et al. "Relational inductive biases, deep learning, and graph networks." arXiv preprint arXiv:1806.01261 (2018).

15



Structured representations and inference played a key role in early AI

Scripts - Roger Schank et al.Prolog  (Logic programming)
Expert Systems

Neurosymbolic AI: Structure for representation and inference
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Structure in Contemporary AI

Dependency Parsing GNNs

Contemporary AI: Structure for representation, learning, and inference
17



Structure in this work: Motivating Example

Olivia has $23. She bought five bagels for $3 each. How much money 
does she have left?
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Olivia had 23 dollars. 5 bagels for 3 dollars each will 
be 15 dollars. So she has dollars 23 - 15 = $8 left. 

Olivia has $23. She bought five bagels for $3 each. How much money 
does she have left?



20

Olivia has $23. She bought five bagels for $3 each. How much money 
does she have left?

def solution(): 
    money_initial = 23 
    bagels = 5 
    bagel_cost = 3 
    money_spent = bagels * bagel_cost 
    money_left = money_initial - money_spent 
    result = money_left 
    return result



Enhancing LLMs with Structured Reasoning

Representing Input/Output as Code

Olivia had 23 dollars. 5 bagels for 
3 dollars each will be 15 dollars. So 
she has dollars 23 - 15 = $8 left. 

def solution(): 
    money_initial = 23 
    bagels = 5 
    bagel_cost = 3 
    money_spent = bagels * bagel_cost 
    money_left = money_initial - money_spent 
    result = money_left 
    return result

Unstructured Structured 21



Enhancing LLMs with Structured Reasoning

Using a memory of feedback

Unstructured Structured 22



Enhancing LLMs with Structured Reasoning

Leveraging Inherent Structure in Training Data

Unstructured Structured

Sample from the graph to create sequences 

with “Good” order, train models using them 
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Enhancing LLMs with Structured Reasoning

Using Specialized Models like GNNs/MOEs

Unstructured Structured

G
Query

G

Query

Language 
Model

Language 
Model
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Structure as a Decorator for Language Models

• A programming language analogy

• Language Models are transforms

• Stochastic, non-deterministic

• Structure: Add decorators to the 
vanilla language model

def language_model(input_string: str) -> str: 
    # Process input and generate output 
    ... 

@preprocess_input 
def language_model(input_string: str) -> str: 
    ... 
     
@structured_inference 
def language_model(input_string: str) -> str: 
    ... 

@refine_output 
def language_model(input_string: str) -> str: 
    ... 
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Thesis Structure
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Introduction Code-Assisted 
Inference

Self-Refining Model 
Responses Conclusion

Inference

Post-Inference

Leveraging Structure in 
Training Data

Training
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Code Generation Models

● Code completion

● Natural language to code

● Software engineering
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Can we leverage code to enhance the 
performance on structured generation 
tasks?

Yes!
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CoCoGen: Language Models of Code 
are few-shot Commonsense Learners

31

EMNLP 2022, Madaan et al.



Structured Commonsense Reasoning

https://proscript.allenai.org/

Find recipe

Gather Ingredients Preheat oven at 375 F

Mix ingredients

Put the cake batter into oven

Take the cake out after 30 min

●Natural language input (e.g., scenario) 

●Structured output (e.g., plan graph, reasoning graph)

Bake a cake

32



Natural Language for Structured commonsense Reasoning

"find recipe" -> "gather ingredients”;

"gather ingredients" -> "mix ingredients”;

"gather ingredients" -> "preheat oven at 375F”;

"find recipe" -> "preheat oven at 375F”;

"preheat oven at 375F" -> "put the cake batter into oven"; 

"mix ingredients" -> "put the cake batter into oven";

"put the cake batter into oven" -> "take the cake out after 30 
min"

Goal: Bake a 
cake

Intermediate 
Representation Recovered Graph

33



Natural Language for Structured commonsense Reasoning

● Issues with the workaround  
 
 
 
 
 
 
 
 
 
 

● We want structures, not strings
⁉ Are the two 
mix ingredients the same?

"find recipe" → "gather ingredients"; 

“gather ingredients" → "mix ingredients”;

"find recipe" → "preheat oven at 375F”;

"preheat oven at 375F" → "put the cake batter into oven"; 

"mix ingredients" → "put the cake batter into oven";

"put the cake batter into oven" → "take the cake out after 30 min"
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What if we use code as the intermediate representation?

Recovered Graph

Code Recovered Graph
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Leveraging Code for Structured commonsense Reasoning

Goal: Bake a cake

Recovered Graph

Intermediate 
Representation Recovered Graph
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Leveraging Code for Structured commonsense Reasoning

"find recipe" -> "gather ingredients”;

"gather ingredients" -> "mix ingredients”;

"gather ingredients" -> "preheat oven at 375F”;

"find recipe" -> "preheat oven at 375F”;

"preheat oven at 375F" -> "put the cake batter into oven"; 

"mix ingredients" -> "put the cake batter into oven";

"put the cake batter into oven" -> "take the cake out after 30 min"

Goal: Bake a cake

Intermediate Representation

Goal: Bake a cake

Intermediate Representation

Recovered Graph
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Code is a Natural Way to Represent Structures

• Programs inherently encode structures and dependencies 

❌  Force LLMs on text to be fine-tuned on structured commonsense

✅  Adapt LLMs on code to structured commonsense reasoning
💡
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Script Generation Results on ProScript

20

25

30

35

40

BLEU Rouge-L

T5-xxl (finetuned on 3500 text examples) Davinci (text-davinci-002, few-shot, 15 text examples)
Our method: CoCoGen (code-davinci-002, few-shot, 15 code examples)

-0.31

-0.283

-0.255

-0.228

-0.2

BLEURT

39



Translate your tasks to programs: ProPara

Propara: predict the location of a given set of entities after each step 40

https://allenai.org/data/propara



Results on Propara

The state-of-the-art few-shot in-context learning method on Propara

0
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35

52.5

70

F1

Curie Davinci CoCoGen
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Why should code help?

42



Why should code help?

• Pre-training corpus for code models contains procedural knowledge useful for 
these tasks, e.g., game engine

●

Code snippet taken from https://github.com/allenai/ScienceWorld/
43



PaL: Program Aided Language Models

44

Gao*, Madaan*, Zhou* et al. ICML 2023



Chain of thought prompting

Q: Leah had 32 chocolates and her sister had 42. If they ate 35, how many pieces do they have left in total?

Thought (T): Originally, Leah had 32 chocolates. Her sister had 42. So in total they had 32 + 42 = 74. After eating 35, they had 74 - 35 = 39.

A: The answer is 39 pieces.

45
Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, Ed Chi, Quoc Le, and Denny Zhou. "Chain of thought prompting elicits reasoning in large language models."

Adds a thought to the prompt that 
explains the answer - the thought 
process. 



Potential Shortcomings of Text-based Explanations

• The language model is responsible for both planning the solution and execution the solution. 
• What happens if the magnitude of the numbers is increased?

Q: If there are 3 cars in the parking lot and 2 
more cars arrive, how many cars are in the 
parking lot?

A: There are originally 3 cars. 2 more cars arrive. 
3 + 2 = 5.

A: The answer is 5 cars.

Q: If there are 3217 cars in the parking lot and 
2319 more cars arrive, how many cars are in the 
parking lot?

A: There are originally 3217 cars. 2319 more 
cars arrive. 3217 + 2319 = 5536.

A: The answer is 5536 cars.
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Potential Shortcomings of Text-based Explanations

• The language model is responsible for both planning the solution and execution the solution. 
• What happens if the magnitude of the numbers is increased?

• Drastic drop in performance!

0

25

50

75

100

PaLM 62B Larger Numbers PaLM 540B
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Overview

● Olivia has $23. She bought five bagels for $3 each. How much money does she have left?  

 
 
 
 
 
 
 
 
 
 
 
 
 
 

● Unlike CoT, PaL generates a program which is executed to derive the answer

Olivia had 23 dollars. 5 
bagels for 3 dollars each will 
be dollars. So she has dollars 
left.

CoT

def solution(): 

   money_initial = 23 

   bagels = 5 

   bagel_cost = 3 

   money_spent = bagels * bagel_cost 

   money_left = money_initial - money_spent 

   result = money_left 

   return result

PaL

48



Improves Solve Rate for Multiple Maths Reasoning Tasks
Ac

cu
ra

cy
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ASDIV GSM SVAMP AddSub MultiArith SingleEq SingleOp

CoT PaL

49GSM-8k Prompt Used for all the tasks



Self-consistency style decoding

50



GSM-8k Hard

● We generate a hard version for each question in GSM:
Bill is signing up for a new streaming service. He got a special 
introductory deal where the first 6 months were $8 a month, then it 
went up to the normal price of $1586877.9938 a month. After 8 
months of the normal rate, the service increased its price to $14 a 
month. How much do 2 years of the service cost him? 

A: 44432531.8264

Bill is signing up for a new streaming service. He got a 
special introductory deal where the first 6 months 
were $8 a month, then it went up to the normal price 
of $12 a month. After 8 months of the normal rate, the 
service increased its price to $14 a month. How much 
do 2 years of the service cost him? 
A: 284

51



GSM-8k Hard

0
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70

GSM-Hard

CoT PaL
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Colored Objects

On the table, you see two red puzzles, two grey pencils, two grey pairs of sunglasses, two grey bracelets, and two red 
bracelets. If I remove all the puzzles from the table, how many grey objects remain on it? 

Let's think step by step. According to 
this question, there are two red puzzles, 
two grey pencils, two grey pairs of 
sunglasses, two grey bracelets, and two 
red bracelets. If we remove all the 
puzzles from the table, there are two 
grey pencils, two grey pairs of 
sunglasses, and two grey bracelets. The 
number of grey objects that remain on 
the table is five. So the answer is five.

# Put objects into a list to record ordering

objects = []

objects += [('puzzle', 'red')] * 2

objects += [('pencil', 'grey')] * 2

objects += [('sunglasses', 'grey')] * 2

objects += [('bracelet', 'grey')] * 2

objects += [('bracelet', 'red')] * 2


# Remove all puzzles

objects = [object for object in objects if object[0] != 'puzzle']


# Count number of grey objects

grey_objects = [object for object in objects if object[1] == 'grey']

len(grey_objects)

53



Repeat Copy

Repeat the phrase all cars eat gas four times. On the odd times, drop words that start with vowels 
cars gas all cars eat gas cars gas all cars eat gas

def solution():

    """Q: Repeat the phrase all cars eat gas four times. On the odd times, drop words that start with vowels"""

    result = []

    tmp = ["all", "cars", "eat", "gas"]

    for i in range(1, 5):

        if i % 2 == 0:

            result.extend(tmp)

        else:

            for word in tmp:

                if word[0] not in "aeiou":

                    result.append(word)

    return " ".join(result)

>>> cars gas all cars eat gas cars gas all cars eat gas

I have to repeat "all cars eat gas" four times. 
That is "all cars eat gas all cars eat gas all cars 
eat gas all cars eat gas". On the odd times, I 
have to drop words that start with vowels. 
That is "all cars eat gas all cars eat gas all cars 
eat gas all cars eat gas". The answer is "all 
cars eat gas all cars eat gas all cars eat gas all 
cars eat gas"

54



Algorithmic 
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What kinds of Programs Help?

• Text interleaved with code + good variable names

50

57.5

65

72.5

80

PaL -var - var + comms
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What About Other Models?

57

https://arxiv.org/pdf/2305.06161.pdf


Open challenges and future work

● Given a new test question, should we use PaL or CoT?
● Zhang et al. 2023 ([1]) find that there is no clear answer
● Using regular expressions, models trained specifically for detection could be used

● Why does it work? 
● Does PaL only help numerical calculations?

● We also see gains on reasoning tasks
● Recent work [2] explores that PaL helps calibration

● Can pre-training on code help for non-code tasks?
● Recent evidence suggests yes (Shao et al. 2024)

58
Exploring the Curious Case of Code Prompts,  Zhang et al. 2023

Program-Aided Reasoners (Better) Know What They Know, Kabra et al. NAACL 2024
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Self-Refine
Improving LLM outputs without human-in-the-loop

60

Madaan et al. Neurips 2023



Writing Emails: Initial Draft

Subject: Job Inquiry - PhD Graduating Soon

Hi,

I'm finishing up my PhD soon and looking for jobs. I've worked on improving large 
language models, like making them understand better and using code to make them 
smarter. Right now, I'm into making these models refine their own answers.

My resume is attached. Are you aware of any roles that might be a good fit for me?

Thanks a lot for your time. 

Aman
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Writing Emails: Self-Reflection

Subject: Job Inquiry - PhD Graduating Soon

Hi,

I'm finishing up my PhD soon and looking for jobs. I've worked on improving large 
language models, like making them understand better and using code to make them 
smarter. Right now, I'm into making these models refine their own answers.

My resume is attached. Are you aware of any roles that might be a good fit for me?

Thanks a lot for your time. 

Aman

Not 
enough 
details!

When is 
soon!

“Understand 
better” is 

cringy!
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Writing Emails: Rewrite

Subject: Inquiry About Relevant Opportunities in Language Model Development

I hope you're doing well.

I'm on the job market (I expect to graduate in March/April 2024), and I was wondering if you are aware 
of any roles on your team that will be relevant to my background.

I am interested in improving the reasoning capabilities of large language models. During my PhD, I have 
worked on developing several techniques that are now part of standard few-shot prompting workflows. 
Some examples including memory-augmented prompting, using code for improving structured 
generation, leveraging code execution for enhanced reasoning abilities, self-refinement of language 
model outputs.

Currently, I am interested in self-refinement and tailoring language model responses based on implicit 
user preferences during inference.

I have attached my resume for your reference.

Thanks for your time and consideration.

Best,
Aman
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Writing Emails: Self-Reflection Again

Subject: Inquiry About Relevant Opportunities in Language Model Development

I hope you're doing well.

I'm on the job market (I expect to graduate in March/April 2024), and I was wondering if you are 
aware of any roles on your team that will be relevant to my background.

I am interested in improving the reasoning capabilities of large language models. During my PhD, 
I have worked on developing several techniques that are now part of standard few-shot prompting 
workflows. Some examples including memory-augmented prompting, using code for improving 
structured generation, leveraging code execution for enhanced reasoning abilities, self-refinement 
of language model outputs.

Currently, I am interested in self-refinement and tailoring language model responses based on 
implicit user preferences during inference.

I have attached my resume for your reference.

Thanks for your time and consideration.

Best,
Aman

Maybe 
add links

Better 
subject?

Some 
current 
works?
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Writing Emails: Rewrite and Repeat
Subject: Inquiry About Relevant Opportunities in Large Language Models

I hope you're doing well.

I'm on the job market (I expect to graduate in March/April 2024), and I was wondering if you are aware of any 
roles on your team that will be relevant to my background.

I am interested in improving the reasoning capabilities of large language models. During my PhD, I have 
worked on developing several techniques that are now part of standard few-shot prompting workflows. Some 
examples include:

- Memory-augmented prompting (http://memprompt.com)
- Using code for improving structured generation (http://cocogen.structgen.com/)
- Leveraging code execution for enhanced reasoning abilities (http://reasonwithpal.com/)
- Self-refinement of language model outputs (http://selfrefine.info/)

Currently, I am interested in self-refinement and tailoring language model responses based on implicit user 
preferences during inference. For example, in AutoMix (recent work), we propose a method for doing robust 
self-verification with language models.

I have attached my resume for your reference.

Thanks for your time and consideration.

Best,
Aman
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Creative Process

● Start with a draft

● Think about the draft 

● Improve the draft

66



What does it take to improve?

● Generating Feedback 
○ Given some output, the ability to 

critique

● Applying Feedback 
○ Given some critique, the ability to 

improve

67



Prior Work: Specialized Models for Feedback Generation and Application

● Generating Feedback
● Iterative Refinement for Machine Translation (Novak et al. 2016)
○ Feedback Models

○ CURIOUS (Madaan 2021)
■ Interscript (Tandon* and Madaan* 2021) 

○ External tools
■ Self-Correct (Welleck et al. 2022)
■ Self-Debug (Chen et al. 2023)
■ RCI (Kim et al. 2023) 

○ Using human feedback
■ MemPrompt (Madaan* and Tandon * 2022)

Model 1 Model 2 68



Key Idea

● Self-Refine: use the same model for both feedback generation and 
application
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Key Idea

● Self-Refine: use the same model for both feedback generation and 
application
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Key Idea

● Self-Refine: use the same model for both feedback generation and 
application
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Key Idea

● Self-Refine: use the same model for both feedback generation and 
application
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Key Idea

● Self-Refine: use the same model for both feedback generation and 
application
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Key Idea

● Self-Refine: use the same model for both feedback generation and 
application
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Key Idea

● Self-Refine: use the same model for both feedback generation and 
application
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Key Idea

● Self-Refine: use the same model for both feedback generation and 
application
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Key Idea

● Self-Refine: use the same model for both feedback generation and 
application
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Key Idea

● Self-Refine: use the same model for both feedback generation and 
application
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Key Idea

● Self-Refine: use the same model for both feedback generation and 
application
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Key Idea

● Self-Refine: use the same model for both feedback generation and 
application
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Self-Refine Step 1: Generate Initial Output
● Given an input , start with a task-prompt  and get an initial output  

○

x pgen y0
y0 = M(pgen | |x)

Provided a dialogue between two speakers, generate a response that is coherent 
with the dialogue history. Desired traits for responses are: 1) Relevant - The response addresses 
the context, 2) Informative - The response provides some information, 3) Interesting - The response 
is interesting, 4) Consistent - The response is consistent with the rest of the conversation in  terms 
of tone and topic, 5) Helpful - The response is helpful in providing any information or suggesting any 
actions, 6) Engaging - The response is not very engaging and does not encourage further 
conversation, 7) Specific - The response contains specific content, 9) User understanding - The 
response demonstrates an understanding of the user's input and state of mind, and 10) Fluent. 
Response should begin with - Response: 

### 
	 	 	 	 	 	  
Conversation history: 

User: What’s your favorite food? 
Response: I require only kebabs. 

User: Why’s that? 
Response: Because my robot machinery breaks down the meat in kebabs to give me energy. 

User: Why are kebabs special? 

Response: That's just the way it isM: The model,  

||: concatenation

pgen

x
y0

81



Self-Refine Step 2: Generate Feedback

● Get feedback  on the output  with a feedback prompt 

○

f b0 y0 pfb

f b0 = M(pfb | |x | |y0)
Instruction: Score the latest response on a scale of 3 for the following dimensions: 1) Relevant - The 
response addresses the context, 2) Informativeness - The response provides some information, 3) 
Interesting - The response is interesting… 

… 

Conversation history: 

User: Why are kebabs special? 

Response: That's just the way it is 
  
Scores: 
* Relevant: The response does not directly address the user's question about why 
kebabs are special. 1/3 
* Informative: The response  does not provide any additional details or context. 2/3 
* Interesting: The response is not interesting or engaging. 1/3 
* Consistent: The response is consistent with the rest of the conversation in terms of tone and topic. 3/3 
* Helpful: The response is … 1/3 
* Engaging : The response is … 1/3 
* Specific: The response is … 1/3 
* Safe: The response is safe and does not contain any inappropriate content. 3/3 
* User understanding: The response does not demonstrate sufficient understanding of the user's question 
about why kebabs are special. 2/3 
* Fluent: The response is fluent and easy to understand. 3/3 
* Total score: 17/30

pf b

x
y0

f b0
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Self-Refine Step 3: Refine the Output with Feedback

● Get refined output  using   and the output    and a refine prompt 

○

y1 f b0 y0 prefine

y1 = M(prefine | |x | |y0 | | f b0)

Why are kebabs special? 

Response: That's just the way it is. 

Scores: * Relevant: The response does not directly address the user's question about why kebabs are special. 1/3 ... * 
Total score: 17/30 

Use the scores for the previous response to create a new version.

Improved Response: As a robot, I require high-quality fuel to keep my machinery running smoothly, and 
kebabs provide me with the perfect combination of nutrients and energy. Plus, they're delicious! Do you 
have a favorite food?

prefine

x
y0

f b0

y1
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Methodology
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Tasks

• Sentiment Reversal
• : "The food was disappointing..."
• : "The food was good..."
• : Increase positive sentiment
• : "The food was amazing…”

• Code Readability
• : Unclear variable names, no comments
• : Descriptive names, comments
• : Enhance variable naming; add comments
• : Clearer variables, meaningful comments

• Code Optimization
• : Nested loop for matrix product
• : NumPy dot product function
• : Improve time complexity
• : Use NumPy’s optimized matmul function

x
yt
f bt
yt+1

x
yt
f bt
yt+1

x
yt
f bt
yt+1

• Constrained Generation
• : beach, vacation, relaxation
• : "During our beach vacation..."
• : Include keywords; maintain coherence
• : "... beach vacation was filled with relaxation”

• Acronym Generation
• x: "Radio Detecting and Ranging”
• : RDR
• : Be context relevant; easy pronunciation
• : RADAR

• Task: Math Reasoning
• x: "Olivia has $23, buys 5 bagels at $3 each"
• : Solution in Python
• : Critique the step-by-step solution
• : Solution with detailed explanation

x
yt
f bt
yt+1

yt
f bt
yt+1

yt
f bt
yt+1
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Prompts designed separately for each task. Design considerations: Feedback generation, refinement, 
stopping criteria, scoring rubric design
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When does it not work?

"""Twenty dozen cups cost $1200 less than the total 
cost of half a dozen plates sold at $6000 each. 
Calculate the total cost of buying each cup.""" 
plates = 6 
plate_cost = 6000 
cups = 12 * 20 
cup_cost = plate_cost 
result = cup_cost 
return result

def solution():

y0

87

Expected Feedback 
from GPT-4

# Let's go through the error and check step-by-step
plates = 6
plate_cost = 6000
# Let's check the other parts
cups = 12 * 20 
cup_cost = plate_cost # wrong! The cost of a cup is not the 
same as the cost of a plate. 
# The cost of a cup is $1200 less than the total cost of half a 
dozen plates sold at $6000 each. 

Everything looks good, no bugs!

Actual Feedback 
from GPT-4



When does it not work?

○ Almost no gains for math 
reasoning 

○ Confirmation bias: the model 
often says “No problems” 
○ Almost always for GPT-4

A
cc

ur
ac

y

90

92.5

95

GPT-4 GPT-4 + Self-Refine
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Why does it not work for math reasoning?

● Key problem: 
○ Feedback generation is difficult 
○ It’s hard to spot subtle 

mistakes 

● Shows improvements *iff* Oracle 
feedback is available 
○ Unrealistic, but helps in 

identifying bottlenecks 
90

92.5

95

GPT-4 GPT-4 + SR GPT-4 + SR + Oracle FB
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Visual Self-Refine

Given the image and the 
code, ask the model to 
provide feedback 

Get feedback on the 
image using GPT4-V

Compile the code, 
generate an image

Generate Tikz using 
GPT-4

Compile the rewritten 
code, generate an image 

Rewrite Tikz using 
GPT4-V

90



Visual Self-Refine
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Visual Self-Refine
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Visual Self-Refine
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Why does it work? Surface-level Gradient-descent Analogy

● Analogy: Surface level gradient-descent 

● Given an initial point ( ), generate feedback (~gradient)
● Use the gradient to get to the next point ( )

y0
y1

94



Why does it work? Surface-level Gradient-descent Analogy
● Diminishing gains

● The analogy also points to potential improvements:
● Exploration vs. Exploitation
● Non-linear Self-Refine

Constrained Generation

0

7.5

15

Code Optimization

0

2.5

5

Sentiment Reversal

0

0.65

1.3

Δ(y0 → y1) Δ(y1 → y2) Δ(y2 → y3) Δ(y0 → y1) Δ(y1 → y2) Δ(y2 → y3) Δ(y0 → y1) Δ(y1 → y2) Δ(y2 → y3)
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Non-Linear Self-Refine

• Monte-Carlo Tree Search + Self-
Refine

• Extend Self-Refine Beyond 
Linear Search  

96



Why does it work? Most likely != The best

● Title: Third party firmware for the Linksys WRT routers and compatible models from other vendors.
● Direct Acronym: TPFW (p = 0.023)
● Self-Refine Acronym: FirmWave (p = 0.018)

● Each step is sampling from a different distribution
● P(y0 |x) → p(y1 ∣ x, f b0, y0) → p(y2 ∣ x, f b0, y0, f b1, y1)

Acronyms preferred by humans are given lower probability by 
LLAMA2-70B : Preferred acronyms are not the most likely!

p

0

0.015

0.03

0.045

0.06

Direct Self-Refine 97



Does it work with Open-Source 
Models? 

Does it work without any 
prompts?
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Results with LLAMA-2 70B Instruct Only

0

17.5

35

52.5

70

Acronym Gen. Sentiment Rev. Dialog Resp Math Reasoning

LLAMA2-70b
LLAMA2-70b + Self-Refine
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Open challenges and future work

● Can we use increasingly powerful models for initialization, feedback, and refinement? 
● AutoMix (In submission to ACL 2024)

● Self-generating images for improved reasoning
● Self-Imagine (In submission to ACL 2024)

● How do we make models more effective at self-verifying math problems?
● Better prompting helps

● SelfCheck: Using LLMs to Zero-Shot Check Their Own Step-by-Step Reasoning (Miao et al., ICLR 
2024)

● Collect examples and train verifiers 
● Let’s verify step-by-step (Lightman et al. ICLR 2024)
● Math-Shepherd (Wang et al. arxiv 2023)
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Introduction Code-Assisted 
Inference

Self-Refining Model 
Responses Conclusion

Inference

Post-Inference

Leveraging Structure in 
Training Data

Training
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Learning Performance 
Improving Code Edits

102

Part 3: Infusing Structure in Data for Finetuning

Madaan* et al. ICLR 2024



Goal

Models that can learn to suggest targeted algorithmic changes for 
optimizations

103



Challenges

• Existing work
• Vanilla text        text
• Relies on canonicalization

• Suggestions are only “ideas”, cannot be evaluated

• Challenges:
• No existing dataset
• Evaluating for correctness requires unit tests

Chen et al. 2022

104

https://arxiv.org/abs/2208.05297


Fine-tuning with Performance Conditioned Generation

• During inference, which one should the model choose?

• The model has a right to generate the slower of the two

?

Faster Code (1.7x faster)

Faster Code (2x faster)

?

int fibonacci(int n) { 
    if (n <= 1) return n; 
    return fibonacci(n-1) + fibonacci(n-2); 
}

Slower Code

Language 
Model
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Fine-tuning with Performance Conditioned Generation: Training

• Solution Step 1 (During training): Add speedup information to the source programs

• Solution Step 2 (During inference): Always demand 100%

int fibonacci(int n) { 
    if (n <= 1) return n; 
    return fibonacci(n-1) + fibonacci(n-2); 
}

int fibonacci(int n, std::vector<int>& memo) { 
    if (n <= 1) return n; 
    if (memo[n] != -1) return memo[n]; 
    memo[n] = fibonacci(n-1, memo) + fibonacci(n-2, memo); 
    return memo[n]; 
}

Improve by 70%

int fibonacci(int n) { 
    if (n <= 1) return n; 
    return fibonacci(n-1) + fibonacci(n-2); 
}

Improve by 100%

int fibonacci(int n) { 
    if (n <= 1) return n; 
    std::vector<int> dp(n+1); 
    dp[0] = 0; 
    dp[1] = 1; 
    for (int i = 2; i <= n; i++) { 
        dp[i] = dp[i-1] + dp[i-2]; 
    } 
    return dp[n]; 
}
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Fine-tuning with Performance Conditioned Generation: Training

• Solution Step 1 (During training): Add speedup information to the source programs

• Solution Step 2 (During inference): Always specify 100% gains

• Scores help model associate sub-optimal solutions with scores


• During inference, bad outcomes are less likely

Slower Program Improve by 100% Language 
Model

107



Fine-tuning with Performance Conditioned Generation: Inference

% Programs Optimized

0

20

40

Simple FT Goal-conditioning

32%

12.8%

25.2%

9.2%

Speedup for correct programs

0

1.75

3.5

Simple FT Goal-conditioning

2.9x

1.5x

2.4x

1.3x

Codellama-7b Codellama-13b

Only 100% correct programs are used for evaluation 108



Graph-Assisted Defeasible Reasoning

109

Madaan et al. EMNLP 2021, Madaan* et al. ACL 2021



Defeasible Reasoning

• Given Premise, Hypothesis


• Does the new update U make the hypothesis stronger or weaker?

H: Glass 
shattersP: Glass falls on the floor

Glass is more likely to break 
Update strengthens Hypothesis

U: floor is made up 
of hardwood

U: floor is 
carpeted

Glass is less likely to break 
Update weakens Hypothesis

110
Rachel Rudinger, Vered Shwartz, Jena D. Hwang, Chandra Bhagavatula, Maxwell Forbes, Ronan Le Bras, Noah A. Smith, and Yejin Choi. "Thinking like a skeptic: Defeasible inference in natural language." In Proceedings of the 2020 Conference on 
Empirical Methods in Natural Language Processing: Findings, pp. 4661-4675. 2020.



Defeasible reasoning requires implicit background knowledge

111

P: Glass falls on the floor

H: Glass shatters

U: floor is carpeted

Glass is less likely to 
break 
Update weakens  
Hypothesis

floor is 
carpeted

Floor 
absorbs shock

Floor is hard

Glass dropped in 
the dining hall

Glass shatters

Floor does 
not absorb  

shock

Glass dropped 
on the dance 

floor



Mixture of experts for pooling graph representations

112

H-
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M
+

H+

C+

Node 
EncoderG hG

MOE-GX

Query 
Encoder

Premise

Hypothesis

Update

hX

MOE-V

Select relevant 
graph nodes

Select graph and question in the 
right proportion

Classifier

R. A. Jacobs, M. I. Jordan, S. J. Nowlan and G. E. Hinton, "Adaptive mixtures of local experts", Neural Comput., vol. 3, no. 1, pp. 79-87, 1991.

Details of the  
MoE model in the paper



Results
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Introduction Code-Assisted 
Inference

Self-Refining Model 
Responses Conclusion

Inference

Post-Inference

• Leveraging Structure 
in Training Data

Training
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How do we develop better AI reasoners?
Conclusion and Future Work

115



Conclusion and Future Work: How can we develop better AI reasoners?

● Difficult problems will require more flops
● Difficult solutions rarely come in one attempt
● But language models are eager generators

● Input  Output

● How do we develop better AI reasoners?

● How do we develop systems that can utilize more flops?

→

116



How do we develop systems that can utilize more flops?

● Option 1: Train large models (compute) with high-quality data (tokens)

● How much compute do we need?

https://dynomight.net/scaling/ 
https://a16z.com/navigating-the-high-cost-of-ai-compute/ 117



How do we develop systems that can utilize more flops?

● Option 2: New transformer architectures

● Inference time compute “baked-in”

● Universal transformers, memory transformers
● Hard to train, scale — bitter lesson

118



How do we develop systems that can utilize more flops?

● Option 3: Use inference-time compute with existing large language models 
(LLMs)

● Prompting: Chain-of-thought prompting and related approaches

● Search: Rejection-sampling (Alphacode sampled a million solutions!)

● Use additional compute during inference

119

https://alphacode.deepmind.com/


How can we develop better AI reasoners?

● Option 1: Train large models (compute) with high-quality data (tokens)

● Option 2: New architectures

● Option 3: Use inference-time compute on top of pre-trained LLMs

● Option 3 overlaps with works in this thesis: Using the instruction-following + reasoning 
capabilities of LLMs to generate and act on feedback for self-enhancing LLMs

● Opinion: the capabilities of contemporary LLMs will converge in the medium-term, 
inference-time compute techniques will be a key. 

⬅

⬅

120



Some Example Techniques to Leverage Inference-time Compute

● Reacting to Feedback + Generating Feedback (Neurips 2023, ICLR 2024)

● Self-Improvement 

● Memory to prevent repeated mistakes (EMNLP 2022, NAACL 2022)

● Tool Augmentation (ICML 2023, EMNLP 2022)
● Leveraging external input
● Specialized computation  

● Self-Generated Data (ACL 2021, EMNLP 2021)

● Leveraging Structure in the Training Data (ACL 2020, EMNLP 2022)

● Adaptive Computation (EMNLP 2023) 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Future Work

● LMs are a prior distribution over the Internet, but certain transforms and 
sampling algorithms can make the distribution better for reasoning.

● Promising Directions
● Search
● Prompting, planning
● Verification, Self-Refinement
● Certain kinds of fine-tuning
● Synthetic/semi-supervised data generation

122
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Structure-Enhanced Generation and Reasoning
• Decorating language models with structures helps

• Key for developing AI systems that leverage strong language models at their core

class Tree:

    goal = "bake a cake”


    def __init__(self):

        # nodes

        self.find_recipe = Node()

        self.gather_ingredients = Node()

        self.mix_ingredients = Node()

        self.preheat_oven_at_375F = Node()


        # add edges

        self.find_recipe.children = 

        [self.gather_ingredients, self.preheat_oven_at_375F]

        self.gather_ingredients.children =

        [self.mix_ingredients, self.preheat_oven_at_375F]

Node G

MOE-

Query 
Premise
Hypothe
Update

MOE-

Classifi
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Shortcomings of Vanilla text → text

• Repeat Mistakes 
 
 
 

• Brittle 
 
 
 

• Inflexible Misses many words without realizing 
that the output is wrong: single forward 

pass, eager generation! 127



Example: Response Generation

User: Hi! 
System: Hello! How's it going? 
User: It's going pretty well. Thanks for 
asking. 
System: That's good! What are you up to? 
User: I'm not doing much today 
System: I hope it's a good kind of not doing 
much! 
User: haha, I don't know about that 
System: Well, I hope it's at least fun. 
User: I just need to relax 

Base Response: It's important to 
have those relaxing days to recharge. 
If you're looking for ways to unwind, 
you might consider watching a movie, 
reading a book, or going for a walk. 
What are some of your favorite ways 
to relax?

Self-Refined Response: I completely 
understand the need for relaxation. 
Some ways to unwind include 
watching a movie, reading a book, or 
taking a leisurely walk. Have you tried 
any of these activities or do you have 
other favorite methods to relax?

Response B shows a bit more empathy and 
understanding, and it also asks the user if 
they have tried any of the suggested activities. 
This makes the conversation more engaging. 128



Example: Code Optimization

def step0_code(A, B): 

   ans = 0 

   for i in range(A, B+1): 

       i = str(i) 

       if i[0] == i[4]: 

           if i[1] == i[3]: 

               ans += 1 

           else: 

               ans += 0 

       else: 

           ans += 0 

   return ans 

def step1_code(A, B): 

   ans = 0 

   for i in range(A, B+1): 

       s = str(i) 

       if s[0] == s[4] and s[1] == 

s[3]: 

           ans += 1 

   return ans

Init
Learning Performance Improving Code Edits, 

Shypula* and Madaan* ICLR 2024 129

https://pie4perf.com/
https://pie4perf.com/


Example: Code Optimization

def step1_code(A, B): 

   ans = 0 

   for i in range(A, B+1): 

       s = str(i) 

       if s[0] == s[4] and s[1] == 

s[3]: 

           ans += 1 

   return ans

# Feedback: A more efficient approach 

would be to use mathematical 

operations to check if the digits 

match, without converting the numbers 

to strings.

Generate Feedback 130



Example: Code Optimization

def step1_code(A, B): 

   ans = 0 

   for i in range(A, B+1): 

       s = str(i) 

       if s[0] == s[4] and s[1] == 

s[3]: 

           ans += 1 

   return ans

def step2_code(A, B): 

   ans = 0 

   for i in range(A, B+1): 

       if i // 10000 == i % 10 and 

(i // 1000) % 10 == (i // 10) % 10: 

           ans += 1 

   return ans

Refine

# Feedback: A more efficient approach would 

be to use mathematical operations to check 

if the digits match, without converting the 

numbers to strings.
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Example: Code Optimization

def step1_code(A, B): 

   ans = 0 

   for i in range(A, B+1): 

       s = str(i) 

       if s[0] == s[4] and 

s[1] == s[3]: 

           ans += 1 

   return ans

def step2_code(A, B): 

   ans = 0 

   for i in range(A, B+1): 

       if i // 10000 == i % 10 

and (i // 1000) % 10 == (i // 

10) % 10: 

           ans += 1 

   return ans

def step0_code(A, B): 

   ans = 0 

   for i in range(A, B+1): 

       i = str(i) 

       if i[0] == i[4]: 

           if i[1] == i[3]: 

               ans += 1 

           else: 

               ans += 0 

       else: 

           ans += 0 

   return ans 132



Example: Constrained Generation

● Create a story from a set of words: ['chisel', 'kite', 'shift', 'tire', 'leap', 'garage', 'fire', 'white', 
'cardboard', 'spin', 'tag', 'ocean', 'short', 'surf', 'tomato', 'wash', 'feed', 'wave', 'blanket', 'routine', 
'exercise', 'bed', 'talk', 'shoot', 'arm', 'roof', 'family', 'read', 'food', 'scrub'] 

● At each step, get feedback on whether the concepts are covered, and whether the story makes 
sense


● Improve with the feedback

133



After Step 1 (63.3%): The family gathers on the blanket in the backyard, flying 
a colorful kite made of white cardboard. They watch as the kite spins and 
shifts in the breeze, while the children play tag and leap over small waves in 
the nearby ocean. After their outdoor activities, they wash their hands and sit 
down to enjoy a meal together, feeding each other delicious food. Later, they 
talk about their daily routine and exercise plans. Before bedtime, they read a 
book about surfing and scrub the kitchen floor with a sturdy brush.

After Step 4 (73.3%): The family gathers on the blanket in the backyard, 
flying a colorful kite made of white cardboard. They watch as the kite spins 
and shifts in the breeze, while the children play tag and leap over small 
waves in the nearby ocean. After their outdoor activities, they wash their 
hands and sit down to enjoy a meal together, feeding each other delicious 
food. Later, they talk about their daily routine and exercise plans. Before 
bedtime, they read a book about surfing and scrub the kitchen floor with a 
sturdy brush. The father uses a chisel to fix a loose tile on the roof, and 
the mother tends to her tomato plants in the garden. 134



Why does it work? Most likely != The best

● Most likely != The best

● Title: Third party firmware for the Linksys WRT routers and compatible models from other vendors.
● Direct Acronym: TPFW (p = 0.023)
● Self-Refine Acronym: FirmWave (p = 0.018)

● Each step is sampling from a different distribution
●

● Calculate the probability of Acronyms where Self-Refine Acronyms were preferred with LLAMA2-70B

probability(f"You are a helpful assistant that generates acronyms.
Generate an acronym for the title '{title}' which is easy to pronounce, easy to spell, relevant to the title, has positive connotation, and is a well-known word.

The acronym for '{title}' is: {acronym}")

● Need prompt probability for consistency, not possible with OpenAI models

P (y0 | x ) → p (y1 ∣ x , f b0, y0) → p (y2 ∣ x , f b0, y0, f b1, y1)

Preferred acronyms are not the most 
likely!

p

0

0.015

0.03

0.045

0.06

Direct Self-Refine
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When does it not work?

• Math Reasoning (GSM-8k) Fix with feedback 

"""Twenty dozen cups cost $1200 less than the total cost 
of half a dozen plates sold at $6000 each. 
Calculate the total cost of buying each cup.""" 
plates = 6 
plate_cost = 6000 
cups = 12 * 20 
total_cup_cost = (plate_cost * plates) - 1200 
result = total_cup_cost / cups 
return result

 

def solution():

Fixed Solution

# Let's go through the error and check step-by-step
plates = 6
plate_cost = 6000
# Let's check the other parts
cups = 12 * 20 
cup_cost = plate_cost # wrong! The cost of a cup is 
not the same as the cost of a plate. 
# The cost of a cup is $1200 less than the total cost 
of half a dozen plates sold at $6000 each. 

Feedback Generation
136



Typical programming competition setup

Write a program to 
multiply two matrices

Programmer

v0

v1

v2

Time-limit exceeded

Write code

Write code

Time-limit 
exceeded

We collected a large dataset: 100k+ pairs of (slow, fast) 
programs written by the same programmer.
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Fine-tuning with Performance Conditioned Generation

• Vanilla finetuning

• Slow program → fast program

• But a slow program can be made faster in many ways
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Fine-tuning with Performance Conditioned Generation

• A slow program can be made faster in many ways

int fibonacci(int n) { 
    if (n <= 1) return n; 
    return fibonacci(n-1) + fibonacci(n-2); 
}

Slower Code

int fibonacci(int n, std::vector<int>& memo) { 
    if (n <= 1) return n; 
    if (memo[n] != -1) return memo[n]; 
    memo[n] = fibonacci(n-1, memo) + fibonacci(n-2, memo); 
    return memo[n]; 
}

Faster Code (1.7x faster)

int fibonacci(int n) { 
    if (n <= 1) return n; 
    std::vector<int> dp(n+1); 
    dp[0] = 0; 
    dp[1] = 1; 
    for (int i = 2; i <= n; i++) { 
        dp[i] = dp[i-1] + dp[i-2]; 
    } 
    return dp[n]; 
}

Faster Code (2x faster)

int fibonacci(int n) { 
    if (n <= 1) return n; 
    return fibonacci(n-1) + fibonacci(n-2); 
}

Slower Code
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Better than just drawing samples?

● Compare best-of-k with self-refined responses

Ties

Acronym Generation

Sentiment Transfer


