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Figure 1: Overview of Sparse4D framework, Figure 2: Inference efficiency (FPS) - percep-
which input mutli-view video and output the tion performance (mAP) on nuScenes valida-
perception results of all frames. tion dataset of different algorithms.
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i ion and tracking[J]. arXiv preprint arXiv:2311.11722, 2023. _
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Figure 1: Overview of our approach: Our FaF net-
work takes multiple frames as input and performs detection,
tracking and motion forecasting.

Figure 4: Modeling temporal information
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Figure 3. The proposed trajectory level object representation. Given an object trajectory, we first extract its sensor observation and
motion features at each time step, and then apply an LSTM network to model the temporal dynamics.

Figure 5. Qualitative results of PnPNet on ATG4D. We visualize the perception and prediction results of vehicles and pedestrians up to
100 meters far away, where the ego car is located at the middle left of each frame heading to the right.
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Figure 1. Comparison on the various designs of autonomous
driving framework. (a) Most industrial solutions deploy separate
models for different tasks. (b) The multi-task learning scheme
shares a backbone with divided task heads. (¢) The end-to-end
paradigm unites modules in perception and prediction. Previous
attempts either adopt a direct optimization on planning in (c.1) or
devise the system with partial components in (c.2). Instead, we
argue in (c.3) that a desirable system should be planning-oriented
as well as properly organize preceding tasks to facilitate planning.

Table 1. Tasks comparison and taxonomy. “Design” column is
classified as in Fig. 1. “Det.” denotes 3D object detection, “Map”
stands for online mapping, and “Occ.” is occupancy map predic-
tion. f§: these works are not proposed directly for planning, yet
they still share the spirit of joint perception and prediction. UniAD
conducts five essential driving tasks to facilitate planning.
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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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D Modules Tracking Mapping Mation Forecasting Ocecupancy Prediction Planning
Track Map Motion Occ. Plan | AMOTAT AMOTP, IDS| | loU-lanet loU-road? minADE] minFDE| MR} | loU-nt loU-f£1  VPQ-nt VPQ-f.1 | avelL2] avg.Col)

[ v v v v | 03356 1.328 893 | 0302 0675 | 0838 1.270 0.186 | 3559 34.6 478 264 | 1.154 0.941

1 v 0,348 1.333 791 - - -

2 v - - - 0.305 0.674 -

3 'd 'd 0.355 1.336 b 0.301 0.671 - - - -

4 s - - - 0.815 1.224 0.182 -

5 ' ' 0.360 1.350 919 - - 0.751 1.109 0.162 -

6 ' v ' 0.354 1.339 820 0.303 0.672 0.736(-9.7%) 1.066(-12.9%) 0.158 -

7 s - - - 60.5 37.0 524 29.8

8 ' ' 0.360 1.322 809 - - - - - 62.1 384 52.2 321

9 v v 4 ' 0.359 1.359 1057 0304 0.675 0.710¢-3.5%) LOOS(-5.8%) 0.146 623 394 531 322

10 v - - - . - - - - 1.131 0.773

11 ' v ¥ s 0.366 1.337 EHY 0.303 0.672 0.741 1077 0.157 - - - - 1.014 0.717

12 ' v ¥ s s 0.358 1.334 641 0.302 0.672 0728 1.054 0154 62.3 39.5 32.8 323 1.004 0.430

Table 2. Detailed ablations on the effectiveness of each task. We can conclude that two perception sub-tasks greatly help motion
forecasting, and prediction performance also benefits from unifying the two prediction modules. With all prior representations, our goal-
planning boosts significantly to ensure safety. UniAD outperforms naive MTL solution by a large margin for prediction and planning tasks,
and it also owns the superiority that no substantial perceptual performance drop occurs. Only main metrics are shown for brevity. “avg.L2”
and “avg.Col” are the average values across the planning horizon. *: ID-0 is the MTL scheme with separate heads for each task.

ID 4-6 ANEMESIIFUNAYEZ N ;

ID 7-9 ANEHESXTOccAIF/ NN ;

ID 10-12 AR{EEXIPlanningAY820 ;




. n o] LT
i 2w By i T %

Horizon Robotics

Vectorized
Motion . Ego Status® Motion " \_lectcorizztd e
annin onstrain
Agent Query Transformer Q Vector 9
Updated _I Updated LI @ ha | Ego-Agent
Map Query Agent Query 1 Collision
k, v Constraint
E] —_— Ego
BEV q Planning Veator
Ego Que| —_—

Encoder 2 4 % kv Transformer Ego-Boundary
—_— Overstepping

Multi-view BEV Features Constraint

Images Updated
Map Query Map Vector '

“Turn Left” Ego-Lane

Map Query Vectorized 4/ k Map Directional

Map I Driving Command Vector Constraint

Transformer _— \ /
Vectorized Planning Planning

Backbona Scene Learning Inferring Phase Training Phase

Figure 2. Overall architecture of VAD. The full pipeline of VAD is divided into four phases. Backbone includes an image feature extractor
and a BEV encoder to project the image features to the BEV features. Vectorized Scene Learning aims to encode the scene information
into agent queries and map queries, as well as represent the scene with motion vectors and map vectors. In the inferring phase of planning,
VAD utilizes an ego query to extract map and agent information via query interaction and outputs the planning trajectory (represented as
ego vector). The proposed vectorized planning constraints regularize the planning trajectory in the training phase. *: optional.
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VAD
L2 (m) | Collision (%) |
Method Is 2s 3s  Avg. | 1s 2s 3s  Avg. Latency (ms) RS
NMP' [49] - - 231 - - - 192 - - -
SA-NMP' [49] . - 205 - - - 159 - - -
FF' [18] 055 120 254 143 | 006 0.17 1.07 043 - -
EOf [24] 067 136 278 1.60 | 0.04 0.09 0.88 0.33 - -
ST-P3 [19] 1.33 211 290 211 | 023 0.62 127 0.71 628.3 1.6
UniAD [21] 048 096 1.65 1.03 | 0.05 0.17 0.71 031 555.6 1.8
VAD-Tiny 046 076 1.12 078 | 021 035 058 0.38 59.5 16.8
VAD-Base 041 070 1.05 072 | 0.07 017 041 0.22 2243 4.5
"‘JlrikD—Tiny:E 020 038 0.65 041 | 010 0.12 027 0.16 59.5 16.8
VAD-Base? 0.17 034 060 037 | 007 0.10 024 0.14 2243 4.5

Table 1. Open-loop planning performance. VAD achieves the best end-to-end planning performance and the fastest inference speed on
the nuScenes [!] val dataset. LIDAR-based methods are denoted with {. 1 denotes taking ego status information as input. In open-loop
evaluation, we deactivate ego status information for a fair comparison. FPS of ST-P3 and VAD are measured on one NVIDIA Geforce
RTX 3090 GPU. FPS of UniAD is measured on one NVIDIA Tesla A100 GPU.
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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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via Probabilistic Planning[J]. arXiv preprint arXiv:
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VADv2
. Driving Route Infraction .

Method Modality Refesence Score +  Completion 1 Score 1 . anng Route
Method Modality .

CILRS [9] C CVPR 19 7.8 10.3 0.75 Score T  Completion

LBC [6] C CoRL 20 12.3 31.9 0.66

Roach [54] C ICCV 21 41.6 96.4 0.43 CILRS [9] C 7.5 13.4

Transfuser! [40] C+L TPAMI 22 31.0 415 0.77

ST-P3 [18] C ECCV 22 11.5 83.2 - LBC [6] C 31.0 35.0

VAD [23] C ICCV 23 30.3 75.2 - Transfuser [40] C+L 54.5 78.4

ThinkTwice [21] C+L CVPR 23 70.9 95.5 0.75 ]

MILE [16] C NeurllPS22 | 61.1 97.4 0.63 ST-P3 [18] C 35.1 86.7

Interfuser [45] C CoRL 22 68.3 95.0 - VAD [23] C 64.3 87.3

DriveAdapter+TCP [20] C+L ICCV 23 71.9 97.3 0.74

DriveMLM [49] C+L arXiv 76.1 98.1 0.78 VADv2 C 89.7 23.0

VADv2 C Ours 85.1 98.4 0.87

Table 2. Closed-loop evaluation on Town05 Short benchmark.

Table 1. Closed-loop evaluation on Town05 Long benchmark.

—




- AliRim Rl - SR TR
fth I £
GAIA-1

input output
tokens tokens

i

image
encoder

5
£

> world model —) _>
S kx output

= ti
D € > [encoder

video

autoregressive

' [}
-'] . prediction !

“I am approeoaching a
crossing yielding
to pedestrians”

i

28]

v
MM (00 (O

text
encoder

\4

“It is safe to move
so I am now
accelerating”

R

Figure 2: Architecture of GAIA-1. First, we encode information from all input modalities (video, text,
action) into a common representation: images, text and actions are encoded as a sequence of tokens.
The world model is an autoregressive transformer that predicts the next image token conditioned on
past image, text, and action tokens. Finally, the video decoder maps the predicted image tokens back
to the pixel space, at a higher temporal resolution.

s driving[J]. arXiv preprint arXiv:2309.17080, 2023.
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Figure 1. Overview of of our ADriver-I framework. It takes the historical interleaved vision-action pairs {I, A} and current visual token
as inputs. The multi-modal large language model (MLLM) reasons out the control signal A; of current frame. The predicted action A;
is further used as the condition prior of video latent diffusion model (VDM) to generate the future four frames. The predicted next frame

I;+1 is selected and further input to the MLLM to produce the control signal A;+1. Such process (green line) can be repeated for infinite
times and it achieves the self-learning in the world created by itself. The dashed lines represent the output only in training process.

ivi . arXiv preprint arXiv:2311.13549, 2023.



s N NN S Z = S =
1. RRNimE!im
2. FRMHER
3. MizimElis

2. NMlizimZimSCierRa) U Hd

2024/6/24 orizon Robotics 2024 - Confidential Information Under NDA

25



s N NN S Z = S =
1. RRNimE!im
2. FRMHER
3. MizimElis

2. NMlizimZimSCierRa) U Hd

2024/6/24 orizon Robotics 2024 - Confidential Information Under NDA

26



o AR R SE R AR R R YE S
@ nEs
P Horizon Robotics

- BiEBE:

o IARBEAKE, FNRIBERFERADL;

- HIhSERMEWIpipeline, SIEHIEMATERARBHR;
- HiEAm:

- WHIEEKRRE, SiEHUEMEUNEIERE,;

- HUBRESERARETN, RIEBNEFESIREEKRARE,

- THMEEUEEREREMENNEREDTI,;
- HhHEK:

- JIGEENHIEEEERS, SEUMREEHERIRERS,;
- FlRI:

o FHREUEFEEREIf, MHARNMIEERS;

—— ____--ll-l.lllllllllllll




AV T4
gy 1T &

2024/6/24 Horizon Robotics 20 28




Q&A






