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06. ﬁﬁﬁgﬂﬁﬁgﬁ]ggﬂZﬂg'from GPT to driving

“State of GPT” Andrej Karpathy on Microsoft Build 2023 event.

GPT Assistant training pipeline

Algorithm

Pretraining

Raw internet
text trillions of words

low-quality, large quantity

o

Language modeling
predict the next token

Base model

1000s of GPUs
months of training

ex: GPT, LLaMA, PaLM
can deploy this model

Supervised Finetuning

Demonstrations ®
Ideal Assistant responses,
~10-100K (prompt, response)
written by contractors

low quantity, high quality

o

Language modeling
predict the next token

init
from a
SFT model

1-100 GPUs

days of training

ex: Vicuna-13B

can deploy this model

Reward Modeling

Comparisons ®
100K —1M comparisons
written by contractors

low quantity, high quality

Binary classification
predict rewards consistent w
preferences

init 0
from
RM model

1-100 GPUs
days of training

Reinforcement Learning

Prompts [
~10K-100K prompts -
written by contractors

low quantity, high quality

9

Reinforcement Learning
generate tokens that maximize
the reward

init from SFT
use RM

RL model

1-100 GPUs

days of training

ex: ChatGPT, Claude
can deploy this model
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3'é_:",EEZEf:}'from GPT to driving
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Next frame prediction

Open Loop Simulation

Human Driver Imitation

Closed Loop Simulation

Simulations with agents

Real World Learning
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Motion
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Andrej Karpathy & @karpathy - 202056519H]

W | actually did spend about an hour playing around with the OpenAl GPT-3
APl over the weekend trying to get the davinci model to recommend me the
most interesting movies (e.g. asking it for more rare movies, etc). Little did |
know | was 3.0 programming.

Q1 M6 Q 86 il N &

Andrej Karpathy &

W @karpathy 2

| guess the ultimate Autopilot is giving a big multimodal GPT-10 the DMV S 7 sl
handbook in the prompt concatenated with the last 10 seconds of FSD V1235 2 ifs

sensor data and asking it very nicely to follow that &=
2022.11
o GPT3.5

T
7 2022.10

mees, et Qo

FH9:3412020F6519H
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