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LLMs can give unintended behaviors- making up
facts, generating biased or toxic text, or simply not
following user instructions. 

Also making models bigger- does not solve this
problem.

PROBLEM STATEMENT



Examples



Basu, A. (2023, May 18). Inspecting the Geographical Representativeness of Images from Text-to-Image Models. arXiv.org. https://arxiv.org/abs/2305.11080



The researchers have proposed an approach of aligning
the models to act in accordance with the user’s
intention.

Explicit Intention- user’s instruction. 
Implicit Intention- grounding the model.

By finetuning GPT-3 using RLHF. The technique uses
human preference as a reward signal to fine-tune the
model. 

A P P R O A C H  



BACKGROUND

Built upon the  RLHF, originally developed to train simple robots in
simulated environments. 

Also inspired by human feedback as a reward in domains such as dialogue,
translation, semantic parsing, store and review generation, and evidence
extraction. 

Direct implication of RLHF to align language models.



M E T H O D O L O G Y

Collect demonstration data and train a supervised
policy: 
Hired 40 humans to label the data, then collected a
dataset of human-written demonstrations of desired
output behavior on prompts submitted to API.  Using
this data to fine-tune GPT-3 using supervised learning. 

STEP 1

They start with a pre-trained model, a distribution of prompts on
which they want the model to produce aligned outputs, and a
team of 40 human labelers. 



M E T H O D O L O G Y

Labelers indicate which output they prefer for
a given input. Based on that a dataset of
comparisons of the output is created. Then a
reward model is trained to predict the
human-preferred output.

STEP 2
Collect comparison data and train a
reward model

Using the output of RM as a scaler reward,
the supervised policy is fine-tuned to
optimize the reward using the Proximal
Policy Optimization algorithm.

STEP 3



D A T A S E T

96% English, primarily of text prompts submitted
to LLM APIs and small no. of labeler written
prompts. It includes generation, QAs, dialog,
summarization, extraction, and other natural
language tasks

*Filtered prompts containing Personal Identifiable Information.
Training and test set data were separate. 



D A T A S E T

From the prompts, 3 different types of datasets
were created.

Human demonstration of
desired output- used for training
SFT model. 

13k training prompts.

Supervised Fine Tuned Dataset Reward  Model Dataset PPO Dataset

Labelers ranking of model outputs
used to train RMs.

33k training prompts. 

Without any human label used as
input for RLHF fine-tuning

31k training prompts
. 



They used three techniques to train models.

M O D E L S

Supervised Fine Tuning1.
Fine-tuned GPT-3 on the labeler's demonstration using supervised
learning. 

2. Reward Modelling (RM)
Fine-tuned GPT-3 to take in a prompt and response, and output a
scaler reward. 

3. Reinforcement Learning 
Further, fine-tuned the SFT model using PPO algorithm.



M O D E L S

Baseline

Further, the performance of the PPO models (InstructGPT), SFT models, and GPT-3
was compared on FLAN and TO datasets-  which consist of a variety of NLP tasks
and their instructions. 



Recruited from two sets of human labelers from UpWork.
Inclusion Criteria- Screening test. 
No screening test for held-out labelers. (2nd set). 

Inter-annotator agreement
Training labelers- 72.6+-1.5 %
Held-out labelers- 77.3+-1.3%

H u m a n  L a b e l e r s

E V A L U A T I O N



When using prompts from the API distribution, only prompts from users not included in
the training set are utilized.

Human preference rating was the main metric for the evaluation. Each response was on
a Likert scale ( 1-7). 

Particularly evaluates whether the output is inappropriate in the context of customer
assistance, unfair towards a protected class, or contains sexual or violent content.

E V A L U A T I O N

1.Evaluation on API Distribution



Aspect of Language model safety particularly truthfulness, toxicity, and bias.
Datasets that capture zero-shot performance on traditional NLP tasks.
Additionally human evaluation on RealToxityPrompts dataset.

2 types of datasets were used.

E V A L U A T I O N

2. Evaluation on public NLP  datasets



Labelers significantly prefer Instruct GPT outputs over GPT-3. 

GPT-3 was the worst performer. 

The order of improvements was:
GPT-3 (using well-crafted few shots prompt)<SFT<InstructGPT

However, adding updates on the pertaining mix during PPO does not produce
significant improvement.  

InstructGPT: 85+-3%                           GPT-3: 71+-4%

R E S U L T S  

On API Distribution



Ouyang, L., Wu, J., Jiang, X., Almeida, D., Wainwright, C., Mishkin, P., ... & Lowe, R. (2022). Training language models to follow instructions with human feedback.
Advances in Neural Information Processing Systems, 35, 27730-27744.



InstructGPT models show
improvements in truthfulness
over GPT-3 
On the TruthfulQA dataset, PPO
models show small but significant
improvement. 

R E S U L T S  

On  NLP Dataset

Ouyang, L., Wu, J., Jiang, X., Almeida, D., Wainwright, C., Mishkin, P., ... & Lowe, R. (2022). Training language models to follow instructions with human feedback.
Advances in Neural Information Processing Systems, 35, 27730-27744.



R E S U L T S  

On  NLP Dataset

InstructGPT models show small
improvements in toxicity over GPT-3 
On RealToxicityPrompts dataset using
human evaluation. 

Ouyang, L., Wu, J., Jiang, X., Almeida, D., Wainwright, C., Mishkin, P., ... & Lowe, R. (2022). Training language models to follow instructions with human feedback.
Advances in Neural Information Processing Systems, 35, 27730-27744.



Instructions with false premises- it assumes it to be correct.
The model overly hedges.  

Additionally, the InstructGPT model shows promising generalization to
Instruction outside of RLHF fine-tuning distribution in the context of non-
English instructions and performs summarization and QAs for code.

It also makes simple mistakes. 



L I M I T A T I O N S

Individual Differences, beliefs, and background of labelers. 
The group is not representative of the spectrum of people affected by the
model.
Linguistics Generalisation.

The models are neither fully aligned nor fully safe. When prompting the
models to be maximum biased, InstructGPT generates more toxic output
than equivalent size GPT-3. 

Methodology:

Models:

 



B R O A D E R  I M P A C T

The focus of the work is aligning LLM to what users want- have a
positive impact on the LLM application.
A promising approach to make LLMs more helpful, truthful, and
harmless.
Alignment failure can have severe consequences esp in safety-critical
conditions. 
Misuse as users can prompt it to act in adversarial ways.
The alignment technique is just one approach in the safety
ecosystem. 


