i i

T e eI R

e IEIB SRS

Ui 2o B e 25 BB

=




11

anp
YAy
g
)L\CE_
X
witl

Srd « BRMET O
Contents o BR{42.08HK

« 3.0 (iwmElim)

K

- IBSREIGPT

« fsRAEE R Diffusion

L

i 2 i

PN

« imRlimE X
- RIERSGE

« imElimgsE




B He ST AN E
1.0

BEV image

IPM assumes flat road and camera extrinsics

t‘ _—— Camera pitch

perspective image
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» FSD respects chicken that wanna cross the road
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The GPT family of models process text using tokens, which are common
sequences of characters found in text. The models understand the
statistical relationships between these tokens, and excel at producing
the next token in a sequence of tokens.

° q&%ﬁ%%i?iﬁiﬁ You can use the tool below to understand how a piece of text would be

tokenized by the API, and the total count of tokens in that piece of
text.

- K Edftokentt

*  PINext-Token-Prediction N H #71)l| % Transformer

The GPT family of models process text using tokens, which are common
sequences of characters found in text. The models understand the
statistical relationships between these tokens, and excel at producing
the next token in a sequence of tokens.

You can use the tool below to understand how a piece of text would be
tokenized by the API, and the total count of tokens in that piece of
text.

[464, 402, 11571, 1641, 286, 4981, 1429, 24208, 1262, 16326, 11, 543, 389,
2219, 16311, 286, 3435, 1043, 287, 2420, 13, 383, 4981, 1833, 262, 139065,
6958, 1022, 777, 16326, 11, 290, 27336, 379, 9194, 262, 1306, 11241, 287,
257, 8379, 286, 16326, 13, 198, 198, 1639, 460, 779, 262, 2891, 2174,
;_L_/lﬁ-ﬁ ﬁmﬂ 284, 1833, 703, 257, 3704, 286, 2428, 561, 307, 11241, 1143, 416, 262,
L7824, 11, 290, 262, 2472, 954, 286, 16326, 287, 326, 3704, 286, 2420, 1-3]1

16281 |3188 |362 |50256 |16281
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Prompt:

you write a shoxrt introduction about the relevance of the
: “monopsony" in economics? Please use examples related to
potential monopsonies in the labour market and cite relevant

"

Response:

““"Monopsony"” refers to a market structure where there is only
one buyer for a particular good or sexvice. In economics, this
term is particularly relevant in the laboxr market, where a
monopsony employer has significant power ovexr the wages and
working conditions of their employees. The presence of a
monopsony can result in lower wages and uced employment
opportunities for workers, as the emplo has little incentive

to increase wages or provide better working conditions. R

research has identified potential monopsonies in industries
such as retail and fast food, where a few large companies
control a significant portion of the market (Bivens &
2013). In these industries,
limited benefits, and reduced bargaining power,
situation where they are dependent on

ivelihood. This de
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Stage

Dataset

Algorithm

GPT Assistant training pipeline

Pretraining

Raw internet
text trillions of words

low-quality, large quantity

O

Language modeling
predict the next token

o

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

Language modeling
predict the next token

init
from 0
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

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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Different Text Prompts
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Large Vision Language Model

Scene Description Scene Analysis Hierarchical Planning
g ™ ' N 4 ™
=@ <SYSTEM> Describe the % <SYSTEM> Matched objects: (=8 <SYSTEM> Ego state and
driving conditions. police car, history trajectory:xxx. historical trajectory are [...],
Unmatched objects: ... determine meta-actions, decisions,
ll% /‘?ﬁ é}i ( : ) ] <DRI\-"-LEVLM> Describe the critical objects and their and p_l_a:l future waypoints.

influence on the ego-vehicle. ..
‘Weather: cloudy. . ) <DRIVLEVLM=>

J <DRIVLEVLM> Meta-actions: [slow down, shift

Road type: suburban.
Sequence of Images Time: Daytime. . Characteristics: Parking on the right slightly to the right, go straight ata

Lane condition: right lane side of the road. constant speed].

impassable, left lane passable. Influence: Blocking the right lane and Decision: Slow down and shift

indicating a potential for accidents or shg]?tly to the right to olvertakc the
Critical objects: police car at other incidents. barrier and then go straight at a
[(x1, y1), (x2,y2)]...... Summarized Analysis: ... :{)rnstan-t spv..aed.
9 ) 9 ) U aypoints: [(x1, y1), ..., (xn, yn)]. ) Low Frequency
Trajectory
Matching Prompting Refinement

DriveVLM-Dual
‘I‘;%/\é}ﬁ <_‘> v

3D Perception Motion Prediction Trajectory Planning

Traditional Pipeline High Frequency
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Base Model Pretrain

Next token prediction

Supervised Finetuning

High quality answers

Reward Modeling

GPT evaluate answer

Reinforcement Learning

Human evaluate answer

¥ 24w 5 B0 2 B

Base Model Pretrain

Next frame prediction

Open Loop Simulation

Human Driver Imitation

Closed Loop Simulation

Simulations with agents

Real World Learning

Shadow mode/disengagement
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World State at T=0 Sensor Simulation at T=0 Autonomy Output at T=0 Updated World State at T=1








