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Why Reasoning in LLMs Matters?
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How Can We Improve Reasoning?
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1.Can we map the input to another space that better suits for reasoning?

2.Can we improve the LLM’s processing of reasoning traces?

LLMInput Output
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Can we elicit reasoning abilities in LLMs by merely 

changing the input format (text → code) ?



Code Prompting

Natural 

language 

Answer

T
ex

t 
P

ro
m

p
ti

n
g

LLM

C
o
d
e
 
P
r
o
m
p
t
i
n
g

…You are 

eligible if you 

fulfill all the 

conditions…

…You are 

eligible if you 

fulfill all the 

conditions…

…
if fulfill_conditions
eligible = True

…
LLM

Natural 

language 

Answer
LLM

Intermediate Document Representation

Question

Question

Computer Science Department | UKP Lab | Haritz Puerto 6

The LLM runs the 
code
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Question: Ann’s husband passed away. She needs help 
for the burial in the UK. Can she be eligible for funeral 
expenses payment?

Doc: You can get a Funeral Expense Payment if all of 
the following apply:
• You meet the rules on your relationship with the 

deceased
• You’re arranging a funeral in the UK

Text Prompt

Answer: CoT + Ans 

LLM

Code Prompt

# Question: Ann’s husband passed away. She needs 
help for the burial in the UK. Can she be eligible 
for funeral expenses payment?
husband_pass_away = True
needs_help_for_burial_in_UK = True
eligible_funeral_expenses_payment = None # This is 
the question

# Doc:
# You can get a Funeral Expense Payment…
if (meet_rules_relationship and
    funeral_in_UK):
 eligible_funeral_expenses_payment = True

Answer: CoT + Ans 

LLM

</>



Methodology & Scope

• Text+Code LLMs: GPT 
3.5, Mixtral, Mistral

• Task: Conditional 
Question Answering

• Datasets: 

• ConditionalQA

• ShARC

• BoardgameQA
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ConditionalQA: A Complex Reading Comprehension Dataset with Conditional Answers (Sun et al., ACL 2022)

https://aclanthology.org/2022.acl-long.253
https://aclanthology.org/2022.acl-long.253


Code Prompts Outperforms Text Prompts

• Code prompts performs best on most datasets (11/15)

• All models achieve best results with code prompts on most datasets
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Code Prompts Outperforms Text Prompts

• BGQA-2, 3 are the most reasoning-intensive tasks. The gains are the 
largest here
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Ablation: Implicit Text Simplification?

• Are the performance gains due to the implicit text simplification 
obtained from the code format? 

• Key entities (variables) and conditions are explicitly stated 

• 2 ablations:
• Atomic Statements

• Back-translation

Computer Science Department | UKP Lab | Haritz Puerto 11



Computer Science Department | UKP Lab | Haritz Puerto 12

Applying for the legal right to deal with someone’s property, money, and 
possessions (their estate) when they die is called applying for probate. 

Applying for the legal 
right is a process.

The process is called 
‘applying for probate’.

The legal right is to deal with 
someone’s property, money, 

and possessions.

The someone is a 
person who has died.

The property, money, and 
possessions are collectively 
called the ‘estate’.

Atomic Statements

Original Sentence
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# Question: Ann’s husband passed away. She needs 
help for the burial in the UK. Can she be eligible 
for funeral expenses payment?
husband_pass_away = True
needs_help_for_burial_in_UK = True
eligible_funeral_expenses_payment = None # This is 
the question

# Doc:
# You can get a Funeral Expense Payment…
if (meet_rules_relationship and
    funeral_in_UK):
 eligible_funeral_expenses_payment = True

Question: Ann’s husband passed away. She needs help 
for the burial in the UK. Can she be eligible for funeral 
expenses payment?

Doc: if you meet the rules on your relationship with the 
deceased and you are arranging a funeral in the UK, 
you can get a Funeral Expense Payment

Question: Ann’s husband passed away. She needs help 
for the burial in the UK. Can she be eligible for funeral 
expenses payment?

Doc: You can get a Funeral Expense Payment if all of 
the following apply:
• You meet the rules on your relationship with the 

deceased
• You’re arranging a funeral in the UK

Original Transformation

Back-translation



Ablation: Implicit Text Simplification?

• Natural Language Text resembling code does not yield performance 
boosts

• Code prompts enhance LLM performance beyond mere text 
simplification 
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Ablation: Code Semantics are Important

• So it is important to have code to elicit LLM’s reasoning abilities

• But, just showing any code is important? 

• Do we need to keep the original text as code comment too? 

Ablations:

• Anonymized code: instead of if employed → if var1

• Random code: code with no relation to the original instance

• Remove text comments

Computer Science Department | UKP Lab | Haritz Puerto 15



Ablation: Code Semantics are Important

• Removing the original text instance (as comments) drops 
performance a lot → LLM uses the text instance to answer!

• Anonymized code drops performance 

• Random code drops performance even more
• Performance is close to text prompts → LLM ignores the code
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Code Prompting is More Efficient 

• We prompt LLMs with 1-3 
demonstrations per class 
(Yes/No/Span)

• Gap is largest when using 1 
demonstration

• Text Prompts needs > 1
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Code Prompts are more
sample efficient than 

text prompts



Code Prompting Improves Variable State 
Tracking 
• Pretraining on code might 

improve entity tracking in LLMs

• After each sentence in the 
answer output, we check 
whether the model remembers 
the initial context
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Question: Ann’s husband passed away. She needs help 
for the burial in the UK. Can she be eligible for funeral 
expenses payment?

Doc: You can get a Funeral Expense Payment if all of 
the following apply:
• You meet the rules on your relationship with the 

deceased
• You’re arranging a funeral in the UK

Answer: …
Is it true that Ann’s husband passed away?
Is it true she needs help for the burial in the UK?



Code Prompting Improves Variable 
State Tracking 

Code Prompts yield much better results at remembering the initial facts 
of the context! 
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Memory errors on the questions about the context of the question (lower is better)



Takeaways

• The input representation of an LLM affect its reasoning abilities

• Code Prompts can elicit conditional reasoning abilities in text+code 
LLMs

• Improves variable state tracking 

• It’s more efficient (in terms of #demonstrations required) 
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Improving Reasoning in LLMs
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06.2024



CoT Can Be Wrong!

• These CoTs are 
independent of each other, 
so the LLM can make the 
same mistake many times

• How to pick the right 
answer?
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How can the LLM generate 

many reasoning traces so that 

they can refine its answer? 



Diverse CoT

• Train LLMs to:
1. Generate multiple CoTs in their output

2. Final answer

• Why?
• CoTs are aware of prior ones

• Can refine answers

• Can force diversity
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Training Schema
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Training Details

Models

• Phi 1.5 (1.3B)

• Phi 2 (2.7B)

• LLaMA 2 7B

• LLaMA 2 13B

• LLaMA 2 70B

Data

• 9k questions from 
9 QA datasets

• <= 4 
CoTs/Question
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DCoT Can Refine Answers at 
Inference Time

• CoT = DCoT@1

• Just a second CoT always improves!
• Increase cost per call is negligible

• DCoT benefits from CoT extensions
• Eg: self-consistency
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Takeaways

• First analysis of the potential behind the ideas of reasoning 
models

• Just generating a second CoT constantly improves 
performance

• Despite being trained on exactly the same CoTs

• Making the CoTs aware of each other allows the model to 
refine its answer
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Improving Reasoning in LLMs
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How to Ensure Fair Evaluations?
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Are Data Points from the Benchmark 
in the Training Set of the LLM?

• LLMs are trained vast amounts of 
secret data

• There is commercial interest in 
beating benchmarks

• A fair evaluation should guarantee 
no test-set contamination
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How can we prove whether an 

LLM was trained on a data point?

Benchmark

Trained on



LLM Devs. May be training on 
Copyrighted Data
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Introduction to MIA on LLMs
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What is MIA?
Membership Inference Attacks 
(MIAs) determine if a data sample 
was used to train a model.



Does MIAs work on LLMs?

• Initial works claim some success

• They build classifiers based on the perplexity

• High perplexity → Non-member data

• Low perplexity → Member data

• They create benchmarks using members and non-members 

based on the knowledge cut-off of the model
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Does MIAs work on LLMs?

• Recent works show that evaluation methods based on cut-offs 
are flawed!

• Cut-offs introduce temporal biases that even bag of words can classify

• We can’t evaluate MIA using cut-offs!

• These works propose to use LLMs trained on datasets with a 
train-test split

• The Pile dataset and Pythia models

• In this setup, MIA do not work for LLMs

• Maini et al. (2024) show that aggregating MIA scores across 
multiple docs can yield successful dataset-level MIA!
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Objectives and Contributions

When and How MIA works on LLMs? → How many 
tokens do we need?

Extend and adapt dataset inference attack to any 
data scale

Analysis of MIA performance for various fine-tuning 
scenarios
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Defining Data Scales for MIA
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LLM Training Scenarios

Computer Science Dept. | UKP Lab – Prof. Iryna Gurevych | Haritz Puerto 40

• Base models

Pretraining

• Eg: Training base models on new Wikipedia dumps

Continual Learning

• LLM training on end-tasks (e.g. CoT answering)

Fine-tuning



Method

• We extend Dataset Inference to 
any data scale

• For a document:
• Collect paragraphs

• Get their membership scores using 
current perplexity-based methods

• Aggregate those scores to get a 
document score
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Method

• Pythia 2.8B, 6.9B, GPT-Neo 2.7B

• Members: training set of The Pile

• Non-members: test set of The Pile
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Aggregating Text Subunits is Effective

• Collection-level MIA becomes more 
effective as we increase the number of 
docs in the collection

• Document-level MIA becomes more 
effective as the docs are longer

• Doc MIA is effective from 10k tokens

• First time Doc MIA is effective on LLMs!
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Multi-Scale MIA

• As the data scale is smaller, the performance decreases

• MIA is effective at the right scale!
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Recent Training Makes MIA More 
Effective
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Fine-Tuning

• Can we know if a fine-tuned model 
was trained on a specific 
dataset/sentence?

• We use DCoT-Phi-2 model

• MIA can be used as proof of data 
for fine-tuning LLMs, in contrast to 
claims by prior works
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Takeaways

• MIA can work on pretrained LLMs at the right scale (>10k 
tokens)

• We achieve the first success on document-level MIA for pretrained 
LLMs

• Fine-tuning scenarios increase the effectiveness of MIA

• MIA is a suitable method to analyze test-set contamination
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Conclusions
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