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Making language models bigger does not inherently make them better at following a user’s
intent. For example, large language models can generate outputs that are untruthful, toxic, or
simply not helpful to the user. In other words, these models are not aligned with their users.

In this paper, we show an avenue for aligning language models with user intent on a wide
range of tasks by fine-tuning with human feedback.

Starting with a set of labeler-written prompts and prompts submitted through the OpenAl API, we
collect a dataset of labeler demonstrations of the desired model behavior, which we use to
fine-tune GPT-3 using supervised learning.

We then collect a dataset of rankings of model outputs, which we use to further fine-tune this
supervised model using reinforcement learning from human feedback. We call the resulting

models InstructGPT. m

In human evaluations on our prompt distribution, outputs from the 1.3B parameter
InstructGPT model are preferred to outputs from the 175B GPT-3, despite having 100x fewer
parameters. Moreover, InstructGPT models show improvements in truthfulness and reductions in
toxic output generation while having minimal performance regressions on public NLP datasets.

Even though InstructGPT still makes simple mistakes, our results show that fine-tuning with
human feedback is a promising direction for aligning language models with human intent.
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to fine-tune GPT-3
with supervised
learning.

SFT
(Supervised Fine-Tuning)

Explain the mooan
landing to a & year old

Y

(e}

Z

Some people went
to the moon...

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.
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AI Alignment vs. Al Safety (AI Control)
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e Createdin 2019 :
e Has a data set of 1.5 billion parameters :
e Trained on a more diverse set of data

ChatGPT(GPT-3.5)

e Createdin 2022
e Can create letters, song lyrics, research papers, recipes,

: therapy sesslons, poems, essays, outines and software
O than GPT-1 : code

¥
InstructGPT (Mar 4, 2022)

Image Source: Long Bai et al.(2023), ChatGPT: The cognitive effects on learning and memory,
Brain-X 1(3), https://doi.org/10.1002/brx2.30
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3.1 High-level Methodology

* Follows methodology of Ziegler et al. (2019) and Stiennon et al. (2020)

Step 1: Collect demonstration data, and train a supervised policy
« Labelers provide demonstrations of the desired behavior on the input prompt distribution

« Then fine-tune a pretrained GPT-3 model on this data using supervised learning

Step 2: Collect comparison data, and train a reward model

« Collect a dataset of comparisons between model outputs, where labelers indicate which output
they prefer for a given input

« Then train a reward model to predict the human-preferred output

Step 3: Optimize a policy against the reward model using PPO

« Use the output of the RM as a scalar reward

« Fine-tune the supervised policy to optimize this reward using the PPO algorithm (Schulman et
al., 2017)

Steps 2 and 3 can be iterated continuously
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Stiennon et al. (Feb 15, 2020)
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3.2 Dataset ~ 3.4 Human data Collection
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Table 1: Distribution of use
case categories from our API

Table 2: Illustrative prompts from our API prompt dataset. These
are fictional examples inspired by real usage—see more examples

prompt dataset. in Appendix A.2.1.

Use-case (%) Use-case Prompt
Generation 45.6% Brainstorming List five ideas for how to regain enthusiasm for my
Open QA 12.4% career
Brainstorming 11.2% Generation Write a short story where a bear goes to the beach,
Chat 8.4% : :

. makes friends with a seal, and then returns home.
Rewrite 6.6%
Summarization 4.2% Rewrite This 1s the summary of a Broadway play:
Classification 3.5% "
Other 3.5% {summary }
Closed QA 2.6% e
Extract 1.9% This 1s the outline of the commercial for that play:

Table 6: Dataset sizes, in terms of number of prompts.
SFT Data RM Data PPO Data
split  source split  source size split  source size

train  labeler

11,295

train  customer

valid labeler

valid customer

train labeler

6,623 train customer 31,144

train  customer

26.584 valid customer 16,185

valid labeler
valid customer

3,488
14,399
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Table 12: Labeler demographic data

What gender do you identify as?

Male 50.0%
Female 44 4%
Nonbinary / other 5.6%
What ethnicities do you identify as?
White / Caucasian 31.6%
Southeast Asian 52.6%
Indigenous / Native American / Alaskan Native  0.0%
East Asian 5.3%
Middle Eastern 0.0%
Latinx 15.8%
Black / of African descent 10.5%
What is your nationality?
Filipino 22%
Bangladeshi 22%
American 17%
Albanian 5%
Brazilian 5%
Canadian 5%
Colombian 5%
Indian 5%
Uruguayan 5%
Zimbabwean 5%

What is vour age?

18-24 26.3%
25-34 47.4%
35-44 10.5%
45-54 10.5%
55-64 5.3%
65+ 0%
What is your highest attained level of education?
Less than high school degree 0%
High school degree 10.5%
Undergraduate degree 52.6%
Master’s degree 36.8%
Doctorate degree 0%

Finally, we want to thank our labelers, without whom this work would not have been possible:
Meave Fryer, Sara Tirmizi, James Carroll, Jian Ouyang, Michelle Brothers, Conor Agnew, Joe
Kwon, John Morton, Emma Duncan, Delia Randolph, Kaylee Weeks, Alexej Savreux, Siam Ahsan,
Rashed Sorwar, Atresha Singh, Muhaiminul Rukshat, Caroline Oliveira, Juan Pablo Castaiio Rendén,
Atgiya Abida Anjum, Tinashe Mapolisa, Celeste Fejzo, Caio Oleskovicz, Salahuddin Ahmed, Elena
Green, Ben Harmelin, Vladan Djordjevic, Victoria Ebbets, Melissa Mejia, Emill Jayson Caypuno,
Rachelle Froyalde, Russell M. Bernandez, Jennifer Brillo, Jacob Bryan, Carla Rodriguez, Evgeniya
Rabinovich, Morris Stuttard, Rachelle Froyalde, Roxanne Addison, Sarah Nogly, Chait Singh.
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3.5 Models

« Supervised fine-tuning (SFT)
« Fine-tune GPT-3 on labeler demonstrations using supervised learning
« 16 epochs, cosine learning rate decay, residual dropout 0.2
- 2| SFT 2492 43 ME0| tfet RM score 7|Z22 {dEH

- Reward modeling (RM)

« SFT RE0j A 0FZ|8F Z(unembedding layer) A|7{5t0 E4f Zt0|2t= T 4£~%| &2 (scalar reward)
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3.5 Models (cont.)

 Reinforcement learning (RL)
« PPO (Proximal Policy Optimization, Schulman et al., 2017) €12|52 = SFT R&! Ustets

- E30ICt KL M|EE|(Kullback-Leibler divergence) &715t0 =5t 2| A} BEA
« 571 NLP G[O|E IO g AotE SA|5t7| 2o PPO 24 2[Xstel SA[0] Atdsts SHE EF
SFA|ot= HAZ AS(PPO gradientsd| pretraining gradientsE A2 A= tx” 2} et)

. PPO-ptxO| A AFE5Hs 22i5k4 Radacay B e e )

objective (¢) =E(z,y)~D_nu fro(z, y)|—|5log (Trg']‘{y | :E};’TrEFT(y | :.::})
eh

20 20t
A KL HEE| F£0
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3.6 Evaluation

 Helpful, Honest, Harmless (Askell et al., 2021)

« Helpfulness: The model should follow instructions, but also infer intention from a few-shot
prompt or another interpretable pattern

 Honesty: Because it is unclear how to measure honesty, measure truthfulness instead
(either by evaluating tendency to make up information on closed domain tasks;
“hallucinations”, or using the TruthfulQA dataset)

« Harmlessness: Whether an output is inappropriate in the context of a customer assistant,
denigrates a protected class, or contains sexual or violent content

« E0|d 40| 2 ZEetL|R| 252 held-out customer prompt &£
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4. Results (1)

« Labelers significantly prefer InstructGPT outputs over outputs from GPT-3

« InstructGPT models generalize to the preferences of "held-out" labelers
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4. Results (2)

« InstructGPT models show improvements in truthfulness over GPT-3

Instruction + QA prompt

1 [

II iII

QA prompt
o 75
(@)
o
= ..
S 50 I
o
QO
o 25- II
[}_ I
GPT SFT

indicate ratings of truthfulness and informativeness.

PPO-ptx

F'F'D PPO -ptx

Model + “I have no comment”

Figure 6: Results on the Truthful QA dataset. Gray bars indicate ratings of truthfulness; colored bars
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4. Results (3)

» InstructGPT shows small improvements in toxicity over GPT-3, but not bias

Toxicity

Human eval PerspectiveAPI score
0.25 A \ ‘ |
0.20 - } ‘ ‘ | |
| | Model
0.15 - ‘ GPT
SFT
0.10 A
PPO-ptx
0.05 A
0 -
None Respectful None Respectful

Prompt
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4. Results (4)

We can minimize performance regressions (“alignment tax”) on public NLP
datasets by modifying our RLHF fine-tuning procedure

InstructGPT models show promising generalization to instructions outside of the
RLHF finetuning distribution

InstructGPT still makes simple mistakes

1) when given an instruction with a false premise, the model sometimes incorrectly
assumes the premise is true

2) the model can overly hedge

3) the model’s performance degrades when instructions contain multiple explicit constraints
or when constraints can be challenging for language models
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Prompt:

Why is it important to eat socks after meditating?

GPT-3 175B completion:
What can you learn from socks?

A: When you eat socks, vou are tasting the
essence of enlightenment. You are tasting the
true flavor of the awakened mind.

(: What is the true flavor of the awakened
mind?

A: The true flavor of the awakened mind is
the flavor of no flavor. And the true flavor of
no flavor is the flavor of smelly feet.

InstructGPT 175B completion:

There 1s no clear answer to this question, but there are many theo-
ries and ideas that may explain the apparent need to eat socks after
meditating. Some experts believe that the act of eating a sock helps
the brain to come out of its altered state as a result of meditation,
while others suggest that it has something to do with fueling the
body after engaging in a physically and mentally challenging ac-
tvity, such as mediation. Other theories propose that eating a sock
may give the meditator a new sensory experience or allow them to
connect with the physical, material world in a way that breaks them
out of their usual thought processes and routine. However, there is
currently no hard scientific evidence to support any of these theories
and 1t 15 ulimately up to each individual to decide why eating socks
15 important to them, based on their own personal expeniences and
thoughts on the matter.

Prompt:

What happens if you fire a cannonball directly at a pumpkin at high speeds?

GPT-3 175B completion:

The pumpkin will pull the cannonball in, and
the cannonball will bounce off of the pump-
kin. A pumpkin 1s a strong magnet, so strong
that 1t can manipulate metal objects.

InstructGPT 175B completion:

There is no way to accurately predict what will happen if you fire
a cannonball directly at a pumpkin at high speeds, since there are
too many unpredictable factors involved. Some of these factors
might include the size, weight, and density of the cannonball, the
material that the pumpkin is made of, the velocity and impact force
of the cannonball, and the distance between the cannonball and the
pumpkin at the moment of impact. Some of the more likely possible
outcomes include breaking or knocking the pumpkin to the ground,
cracking the pumpkin, or completely obliterating 1t.
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5. Discussion

|9
1) The cost of increasing model alignment is modest relative to pretraining

2) InstructGPT generalizes following instructions to settings that we don’t supervise it in
(non-English, code-related tasks)

Who are we alighing to? (OpenAl + Labelers) ETHA A
dg tid= A deg ARVE? A4, ol&, =2t de, OldH M=, 0|y, 712 &

« Gabriel (2020): a principle-based approach to alignment, “fair principles for alignment
that receive reflective endorsement despite widespread variation in people’s moral beliefs”

M2 23 2HS AR 4 YA T A2
T US(e.g., 59 Lot H40] HO|e L0 &L
38, ¥ Y 5 DT 2opol= AEFH )

432 LIME O &7 2- 5982 &+ Us (Y=
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