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Fig. 2. Comparison of Modular Autonomous driving tasks vs single-model

Legacy ML System
: ' : Decision
Perception ‘ Tracking iorsigll
Localization ‘ Path Planning | Controls

> End to End ML System

of end-to-end autonomous driving task.

® 7ZOMI

=+altEE (Mapping)
RN (Perception)

I (Localization)
EI#FIRES (Tracking)
1393% (Predicting)
B2{2#E) (Path Planning)
R (Decision Making)
}=#l (Controls)

(FEFIMi{ (Simulation)

5 Course https://chenzomil 2.github.io/



https://chenzomi12.github.io/

(EREEWFRSG: REXT

FMREEETIHTIZG. UL. 1AMC, BEREAMEN, SHERSHAIEEE,
FARBAK, HRKEAS,

RIRUSRI T LIBERER AR S, REATMIASEL, BREEAVaHER. NRpkERE
HERBIRE, S0 M —KEEEH, SERITRIKRE, KREFMWARFIERE.

making
@

2 ZOMI 6 Course https://chenzomil 2.github.io/



https://chenzomi12.github.io/

mEim A I,

B — MERSLIUARE P S MRERII0EE. xR LURIKE RS (BR. BUtEILF)
BN, FRaHERmEGES WnREAE. NENINES) . B ANMIREIEEDIIZ
Bix, RERE S I NRRIE = R S I RER.

Perception Prediction Decision m—» Control
making
@

o — s — <
@

2 ZOMI 7 Course https://chenzomil 2.github.io/



https://chenzomi12.github.io/

-

MEXS ESinElimT =X

HinkE TREIENE + A REIENE + EUEIRT)
ZEE = RN

IR = {5

iR IR FE 2t =

BiaME 2t =

IIZRMERE 2t =

NSRS =G ElE

RihRE = 7

ZOMI

8

Course https://chenzomil 2.github.io/



https://chenzomi12.github.io/

@@@@@

02. E2E HiZfFi5E



https://chenzomi12.github.io/

2.1 ERE

@ ZOMI



https://chenzomi12.github.io/

HRRBIV

imEim B SR FAHREEDT AR
ARBI: R=IRE (WICARLA ) gt TIgiE, MY T—218<S A LIESTIT.
FHBAIN: EEEXKEISLEE EHTmEIRAR (EEEERFFES, L) .

IR vs AR : [REREIEREE, FEARREIEARE, BEHBAXIEEFIA SRR BT ZE
BRI, BERRZRFUNIRZE Predict Error,

& 70MI 11 Course: chenzomil2.github.io



https://chenzomi12.github.io/

HRB
FERADARERIER R BaIE e SHITESER. BT AREERIRIR, FFAUTZIR, X
FATH RSt
L2 86 : THEFRUAIE vs ESCHILZIE) L2 8BRS, KAMTRNEITRIASE
Collision Rate: BT EFUNITHIEMEYIAAEMERER, KIFNTUNMTHEZEE.

& 70MI 12 Course: chenzomil2.github.io



https://chenzomi12.github.io/

2.2 BEV Net
Birds-eye-view Si{[E]

@& ZOMI



https://chenzomi12.github.io/

Birds-eye-view SIf{E

3 STHFAN
" M ’ ‘

‘I"'n)! "'l".: “v’ “'”"H! 'X'b
i l’ﬂi ' ‘

Course: chenzomil 2.github.io



https://chenzomi12.github.io/

Birds-eye-viewSHi{[E]

* Monocular BEV Perception with Transformers in Autonomous Driving

Cycled View Projection

Decod
6 (_I Cross-view Transformer !
144 * et
& b - -—) 7 J-—) I ‘ | |

Encoder

Top-view Road Layout

Front-view Monocular Image _anfl Cross-view Ti ransformatton ‘Module

QoC aic cee apc

depth dlstnyon a l
4 C

featuyv
0 : D
'ﬂ per-pixel outer product

Per-Image CNN + Lift Extrinsics + Splat " Bird's-Eye-View CNN

& 70MI 15 Course https://chenzomil 2.github.io/



https://chenzomi12.github.io/

2.3 HIERILE

Occupancy Network

@& ZOMI



https://chenzomi12.github.io/

Occupancy Network s BN

S
. | e Occu
Properties e o8 |
e Effic

e Volumetric Occupancy

e Multi-Camera & Video Context
e Persistent Through Occlusions
e Occupancy Semantics

e Occupancy Flow

e Resolution Where It Matters

e Efficient Memory and Compute

e Runs in ~10 Milliseconds

TEsLA LIVE

ithub.io


https://chenzomi12.github.io/

Occupancy Network Properties

Volumetric Occupancy
Multi-Camera & Video Context
Persistent Through Occlusions
Occupancy Semantics
Occupancy Flow

Resolution Where It Matters
Efficient Memory and Compute

Runs in ~10 Milliseconds


https://chenzomi12.github.io/

iithub.io



https://chenzomi12.github.io/

Occupancy Network

Image Featurizers Spatial Attention

8-

Image Input

€©xXxYx2)

o

a
v
RegNets BiFPNs Multicam Query Spatial
Embedding Query
Ki
P —_ Vi
—> | Recti e d TP —>
1o
K2
— é
G _—> Vo s
e
— () -
>
(=
[ ] [ ] [ ] 8’
[ ] [ J [ ] 3
L] L] o o
@]
=]
Kna
N i Vi
= L= 0=
—_—
41> Kn
T -9 Vi g
‘

- =)

Temporal Alignment

Spatial
Features

- @ -
¥

Temporal Context

Spatial

Features ‘ —_
(t-1

v

Spatial

Features &
(t-2)

v
Spatial
Features
(t-3)
[
[ J
[ J

Trajectory used to align
past features to current

Juswubi|y swel4 |eijeds

coordinate frame

Spatiotemporal
Features

CxTxXxYx2Z)

Surface Outputs

NeRF
State

Road Surface

Geometry '
Road Surface
Semantics

Volume Outputs

Deconvolutions

Occupancy

> B .

Cout X 16X x16 Y x 16 Z

Occu Flow
4 P Queryable
‘ Outputs
(C x 8X x 8Y x 82)
T XY.Z
l Sub- Voxel Shape Information &
(C x 4X x 4Y x 42) —_— e d g::ﬂ;::;
T Probability
‘ 3D - Semantics XYz
(Cx2X x 2Y x 22) &
' 1 -> S
(CxXxYx2Z)
TEsLA LIVE

.github.io


https://chenzomi12.github.io/

i

ithub.io



https://chenzomi12.github.io/

HFVector SpacefJFSDIZEEI

Lanes Occupancy  Moving Objects
<S\sg . =

e W

ZOMI

. iz —
Interaction Search B Y
FOCUS COMPUTE ON THE MOST PROMISING OUTCOMES o
N
TRAJECTORY GENERATION
Physics Based Numerical Neural Planner
Optimization SR ST Sone
YT e —
- e
TRAJECTORY SCORING
Collision Checks ) Comfort Analysis ‘ Intervention Likelihood ' Human-like Discriminator
— ey ‘ S e ;
i" D a_/\;_,./\\/\ , » o
BRANCHING ON INTERACTIONS / INTERMEDIATE GOALS
e

22

Course: chenzomil 2.github.io



https://chenzomi12.github.io/

2.4 E2F RRFhEE

& ZOMI



https://chenzomi12.github.io/

IBEISEHBREKXKE DriveVLM

DriveVLM

Large Vision Language Model

Scene Description Scene Analysis Hierarchical Planning
s A e N N
E® <SYSTEM> Describe the (=8 <SYSTEM> Matched objects: (=% <SYSTEM> Ego state and
driving conditions. police car, history trajectory:xxx. historical trajectory are [...],
Unmatched objects: ... determine meta-actions, decisions,
<DRIVLEVLM> Describe the critical objects and their and plan future waypoints.
N influence on the ego-vehicle. =
Weather: cloudy. <DRIVLEVLM>
Road type: suburban. <DRIVLEVLM> Meta-actions: [slow down, shift
Time: Daytime. o : 2 slightly to the right, go straight at a
n f Ima: 3 Characteristics: Parking on the right
BEHUERCE gea 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 o_vertake the
Critical objects: police car at other incidents. barrier and then go straight at a
[(x1,y1), (x2,y2)]...... Summarized Analysis: ... constant SP‘?ed'
L ) L ) \Waypomts, [(x1,y1), ..., (xn, yn)]. ) Low Frequency

Trajectory
Matching Prompting Refinement

DriveVLM-Dual

3D Perception Motion Prediction Trajectory Planning %

Traditional Pipeline High Frequency
Figure 1: DriveVLM and DriveVLM-Dual model pipelines. DriveVLM takes images as input
and, through a Chain-of-Thought (CoT) mechanism, outputs scene description, scene analysis, and
hierarchical planning results. DriveVLM-Dual further incorporates traditional 3D perception and
trajectory planning modules to achieve spatial reasoning capability and real-time trajectory planning.
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Scene Summary: The ego vehicle is moving at a constant speed along the current lane, with ongoing road construction work ahead; there are three construction
workers working on the left side of the lane at the roadside.

W\ x\\ Road Condition: ~ Construction

\ | Lane Condition: Own Lane

Weather: Sunny

Time: Daytime

Critical Object 1:

Class: Three Construction Critical Object 2:

Workers

Class: Construction Zone

Characteristic: =~ Construction work
on the side of the

Characteristic: Road repair in front

lane to the left of — of the host vehicle
the host vehicle lane

Influence: Affects the normal Influence: Affects the host
speed of the host vehicle to drive
vehicle straight normally

Meta Action: ["Slow down”, "Change lane to the left”, "Go straight slowly"]

Decision Description: Decelerate and change lanes to the left, keeping a safe distance from the
construction workers on the left front side.

Figure 2: An annotated sample of the SUP-AD dataset.
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VADv2: End-to-End Vectorized Autonomous Driving via Probabilistic Planning
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Image Sequence M |Map Tokens | A | Agent Tokens | I | Image Tokens |T |Traffic Element Tokens

Figure 2. Overall architecture of VADv2. VADv2 takes multi-view image sequence as input in a streaming manner, transforms sensor
data into environmental token embeddings, outputs the probabilistic distribution of action, and samples one action to control the vehicle.
Large-scale driving demonstrations and scene constraints are used to supervise the predicted distribution.
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UniAD 2023 CPVR Best Paper
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Figure 2. Pipeline of Unified Autonomous Driving (UniAD). It is exquisitely devised following planning-oriented philosophy. Instead of
a simple stack of tasks, we investigate the effect of each module in perception and prediction, leveraging the benefits of joint optimization
from preceding nodes to final planning in the driving scene. All perception and prediction modules are designed in a transformer decoder
structure, with task queries as interfaces connecting each node. A simple attention-based planner is in the end to predict future waypoints
of the ego-vehicle considering the knowledge extracted from preceding nodes. The map over occupancy is for visual purpose only.
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UniAD 2023 CPVR Best Paper
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CAM_BACK_LEFT
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1

Figure 3. Visualization results. We show results for all tasks in surround-view images and BEV. Predictions from motion and occupancy
modules are consistent, and the ego vehicle is yielding to the front black car in this case. Each agent is illustrated with a unique color. Only
top-1 and top-3 trajectories from motion forecasting are selected for visualization on image-view and BEV respectively.
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GenAD: Generative End-to-End Autonomous Driving
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GenAD: Generative End-to-End Autonomous Driving
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Figure 2. Framework of our generative end-to-end autonomous driving. leen surrounding images as inputs, we employ an image
backbone to extract multi-scale features and then use a BEV encoder to obtain BEV tokens. We then use cross-attention and deformable
cross-attention to transform BEV tokens into map and agent tokens, respectively. With an additional ego token, we use self-attention to
enable ego-agent interactions and cross-attention to further incorporate map information to obtain the instance-centric scene representation.
We map this representation to a structural latent trajectory space which is jointly learned using ground-truth future trajectories. Finally, we
employ a future trajectory generator to produce future trajectories to simultaneously complete motion prediction and planning.
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Figure 1. Comparison between End-to-end Planning Paradigms.
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Figure 2. The Overall Architecture of Hydra-MDP.
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