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Horizon Robotics

Online Map Construction R

HD map Navigation map + Online map construction

Limitations

« High cost and complicated pipeline
« Scalability issue

« Freshness

 Limitation of law and regulation



Horizon Robotics

Online Map Construction SRR

Constructing map around ego-vehicle

at runtime with onboard sensors

Methods
« BEV Segmentation + post-processing
« Heavy engineering work
« Corner case
« Lane detection
« Anchor + regression
« Rely on geometric prior
« Auto-regressive
« Accumulated error

« Efficiency




MapTRv1l

GT Prediction Surrounding Views

« End-to-end (no rule-based post-processing)

« Real-time

« Generalization ability (geometric shape and scenario)
« Fully data-driven and easy to scale up




Map Element Modeling

Open-shape map element

@ Discretization
Polyline ‘/‘\‘

V = {vg, v1, 03}

« No introducing geometric prior

«  Well represent all kinds of geometric shapes

Closed-shape map element

@Discretization

Polygon ‘/‘\‘

V = {vg, v1, 03}
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Equivalent Permutations

Open-shape map element

i

‘/‘\‘ - $ ‘ >
V = {vy, v, 0,)} .‘/ \@




Horizon Robotics

Framework 4{{;} fth I 2%

On-board sensor data Map Encoder BEV features
e . Emg w |
. sy ™ _:'> Backbone to : —_—
e BEV | !

P
- ‘gug |

Map Encoder
« Extracting features from original sensor data

« Transforming sensor features into a unified BEV representation



Horizon Robotics

Framework “4} fth I 2%

@ ped. crossing @ divider @ boundary

______ Map Encoder BEYV features Map Decoder
2D : Hierarchical
Backbone to | — — |Transformer] — : —
BEV | ! \ bipartite matching
Prediction Ground-truth

Class Bounding Box

FFN FFN

Map Decoder (DETR-like) e e L .

. . . E ->| Add & Norm |
« Hierarchical query embeddings I —
. . . Encoder E 1 i
« Parallel interaction and decoding ir— B e e s
' Add & Norm 1 :
R . R E * : E | Multi-Head Attention |
Hierarchical matching I S T— U S 4,‘
i _Add&Norm | : e Add & Norm
; 4 ; . .
E | MuJ:i—HeadKSelf-At?ntion | i E | le/l:i‘-HeadKSelf-Att:ntion | E
Image f[atu res s m.@os ,,,,,, X @



Hierarchical Query Embedding Scheme

Flexibly encoding each map element in a structured manner

m point query: encode shared geometric info.

o instance query: encode element-specific info.
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Parallel Interaction and Decoding

I0A®[ J9POIIP JOULIOJSURI], I-]

B point query [ instance query — forward

BEV features

peay -]

R 1

Interaction with BEV features (cross-attention)
Inter- and intra-instance interaction (self-attention)

Parallelly output point sequence and class score
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Hierarchica

Matching

BEV features
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Instance-level Matching
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Find an optimal instance-level label assignment:

N-1
T = arg min Z Lins_match (yﬂ'(’b)7 yz)
melly i=0

A

Lins match (gw(z)a yz) = LFocal (ﬁw(z)a Ci) + [:position(vw(z’)a Vb)

According to class corelation and positional corelation
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Point-level Matching

................................ (o= 0Ty Find an optimal point2point assignment
WU among equivalent permutations:

LA e N,—1

v1=(V1F1) ’3/ — arg min E D Manhattan (’ﬁj y v’y (] ) ) .

A > According to positional corelation
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End-to-end Learning

JOOTCLLL L L LT LT TE T TP PT TP PPTPRPrTN o~ . .

Horizon Robotics

@ s

L= Acs + a£p2p + BLair

Classification Loss:

Point2point Loss:

Edge Direction Loss:

N-1
Lcs = Z LFocal (ﬁfr(i)7ci)
=0
N—l Nv_l
£p2p = Z ]]-{cﬁéﬁ} Z DManhattan(ﬁfr(i),ja’Ui,%(j))
i=0 Jj=0
N-1 N,—1
;Cdir = — Z ]]-{cz;éz} Z cosine_similarity(éﬁ(i),j, 6,,,,:%(3))
i=0 =0
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MapTRv1l @ T2

Horizon Robotics

® pad crossmg o divider  ® boundary
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Map Decoder

On-board sensor data e Map Enceder BEV festures
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Transformer] — . —
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* End-to-end (no rule-based post-processing)
» Parallel decoding and high efficiency
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MapTR v2

On-board Sensor Data

Qualitative result on Argoverse2 3D vectorized HD map, we render the
predicted 3D vectorized map on the surrounding view images

BEV Features Map Decoder

Transformer
Decoder

Support lane topology modeling
Support 3D mapping
Improved model designs and training techniques

@ ped. crossing
divider
@ boundary

@ centerline

Qualitative result on nuScenes 2D vectorized HD map

ith 3 £%

Horizon Robotics
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Lane Graph as Path (LaneGAP) for Lane Topology Modeling u\ y it I %

Network forward and supervision

v
m ~ u Segmentation + 1 +
- Vpixel = {p; fl=b1V Piece detection Connectnvnty Path detection
E ﬂ Dpixer = {dt}i‘f’ Vpiece = {ViP*¢} Eiece = {15} Vpath = {Vipath}
u 4 & e
Onboard sensor data l : l | :
I | Y |
/., piece .
A 3 V4p1ece Vv patl’T
[_) e 3 1
' h
/., pat
/., piece K ) 81'4 <
2 Vl piece
\ e V. path
€o 2 ) 0,1 0
VO piece
(a) Pixel-wise modeling (b) Piece-wise modeling (c) Path-wise modeling (ours)
[ Pixel2Graph | T\GraphZPixel Piece2Graph | T\GraphZPicce Path2Graph | | Graph2Path
Lane graph Topology modeling
— Network forward -+ Network supervision : Topology modeling

* Convertirregular graph structure to structured path representation
* Merge / split points are less important and increase the convergence difficulty
* Path representation is compatible with downstream PnC task (as reference line)



Auxiliary Supervision iy th &

’ Horizon Robotics

{ ground-truth }

d repeat K times
py\thin pad @

Y= idise Y = (i)
@ one-to-one one-to-many@ '

g = (gt Pr = (1= « PV-based depth segmentation
4 4

« PV-based foreground segmentation
Transformer shared Transformer

Decoder |° "| Decoder « BEV-based foreground segmentation
_______________ o oA
aEE —— . mEn
______________________ to . S
..... EEREs EEEEBE®
Clid hir Gl
Auxiliary one2many branch Auxiliary dense loss
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3D Mapping (Argoverse2)
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ICAM_ERONT CENTER

2D point sequence to 3D point sequence
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MapTR Series
Method Modalit Backbone Epoch AP FPS
eHo odaitty P ped. div. bou. mean
C Effi-B0 30 144 217 33.0 230 0.9
HDMapNet L PP 30 104 241 379 241 1.1
C&L Effi-BO & PP 30 163 296 467 310 0.5
C R50 110+ft | 425 514 441  46.0 2.2
VectorMapNet L PP 110 257 376 386  34.0 -
C&L R50 & PP 110+ft | 482 60.1 53.0 537 -
C R18 110 396 499 482 459 | 35.0
C R50 110 562 598 60.1 587 | 15.1
MapTR C R50 24 463 515 531 503 | 151
L Sec 24 485 537 647  55.6 8.0
C&L R50 & Sec 24 559 623 693 625 6.0
C R18 110 469 551 549 523 | 337
C R50 110 681 683 697 687 | 14.1
C V2-99 110 714 73.7 75.0 734 9.9
MapTRv2 C R50 24 598 624 624 615 | 141
C V2-99 24 63.6 671 692  66.6 9.9
L Sec 24 56.6 581 698 615 7.6
C&L R50 & Sec 24 65.6 665 748 @ 69.0 5.8

« Real-time (up to 30 FPS)

« Convergence and performance

nuScenes mAP

nuScenes mAP

@ mrs

' Horizon Robotics

7015 i
8 MapTRV2 |
601 f
MapTR :
501 |
VectorMapNet |
401 !
30 1 :
Real-Time: 30 FPS;

® HDMapNet | Faster |

0 5 10 1S 20 25 30 35

FPS

58.7 mAP 110 epochs

—— MapTRv2-Res50
—— MapTR-Res50

0 20

40 60 80 100
epoch
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MapTR Series (nuScenes)

Surrounding Views

Prediction

GT

Sunny &
cloudy

Rainy

Night

22



Long-range Mapping R

Horizon Robotics

pred instance

Map Perception Range: 120m

* Modeling in higher level and requiring more data
* Leveraging tens of millions of training samples

 OQutperforming seg.-based methods with data scaling up
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Complex Scenarios

Shanghai Zhangjiang

Imaging ability and element completeness
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Auto Labeling: VMA

Raw Point Cloud

Dynamic Object Filtering
Motion Distortion Compensation
Single-Trip Localization ]
Multi-Trip Point Cloud Aggregation ittt

N
[ )
L4

Global PCL Map

Static Scene Reconstruction

Global PCL Map Unit PCL Map

Unit Annotator

Qualified Map Data
Closed-Loop

Annotator

Optimization Human-in-the-Loop Verification

iy

Point Sparsification

\ 4
I Point Sequence |

Unit Vectorized Map

Global Vectorized Map

Embeddings {e;} Point Seq.

Unit Annotation

-

PCLdn“i;ap Fe:;ﬁf: :/Iap Decoder|| Semantic Type
Attribution
= MLP Querying (Ax, Ay)
D >(x1,¥1) > (1, 1)
[o N
S o
_D_>(x2')’2) - §§ — (x2,¥2)
. e = g .
. : . E . .
[]— Gnovn) — — (xnIN)

Point Seq.

N o ==

Unified Point Sequence Representation

extending MapTR to a general cloud-end

map auto labeling framework

o
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Horizon Robotics
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Extensibility

il
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Unified Point Sequence Representation

All scenarios (highway / urban / parking)
A wide range of elements (line / discrete / area)
Attributions (color / direction / type)

——— o ————

VA‘(’ tﬂ_l E|Z ii

Horizon Robotics

Area Element as Polygon

L

Geometric Type Vectorized Representation Semantic Type Attribution
Lane Divider Direction: Unidirectional / Bidirectional; Line Type: Solid / Dotted / Fishbone; ...
Line Element N-Point Sequence (Polyline) S Curb. Curb Type: Ground Side / Road Side / Guardrail
top Line -
. . . Arrow Arrow Type: Straight / Turn Off / Merge Right / No Turn Left / ...; ...
Driving scenarios: Speed Bump

Discrete Element Corner Point Sequence Lane Sign Lane Sign Type: Bike Lane / Bus Lane

Marking Marking Type: Diamond Marking / Inverted Triangle Marking

Crosswalk -
Area Element N-Point Sequence (Polygon) Diversion -

Parking scenarios: Parking Lock / Cement Column / No Parking Line ...

e e e e o e e e e -
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Auto Labeling

Beijing North 4th Ring Road
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Horizon Robotics

End-to-end Planning: VADv1 SRR

R Vectorized . . R .
> Motion g > Vectorized
Ego Status Motion Planning Constraints
Agent Query Transformer Q 9 Vector 9
Updated | Updated Motion Vector @ ‘ Ego-Agent
Map Query Agent Query l Collision
K, v Constraint
> Ego
BEV q Planning Vector ‘
> Ego Query > >
Encoder K v Transformer Ego-Boundary
’ > Overstepping
BEV Features ;
Multi-view ! Constraint
Images Updated
| Map Query Map Vector
“Turn Left” Ego-Lane
Vectorized J \ irecti
Map Query [l . Map Directional
Map | Driving Command Vector Constraint
> Transformer > \ /' >
Backb Vectorized | Planning Planning
ackbone Scene Learning Inferring Phase Training Phase

VADv1: extending MapTR to end-to-end planning
29



Horizon Robotics

Uncertainty of Planning iy tE

Driving Demonstrations Deterministic Planning  Probabilistic Planning

* Uncertainty of scenario « Modeling deterministic * Modeling environment-
human behavior relation between conditioned probabilistic
environment and action distribution of action 30



VADV2 @ s

Horizon Robotics

Action Discretize Planning Encode Large-Scale
Space Vocabul = Driving
p S | aach Demonstrations
T Planning Tokens Action Distribution in Data
Navigation Info. —l Q r Ego State I KL Divergence
Ml A Conflict 4
Encode K.V Planning Check Scene
. > —_— < > :
T [T Transformer B Constraints
Predicted Action Distribution
Multi-View Scene Tokens
Image Sequence M | Map Tokens A | Agent Tokens I | Image Tokens | T [Traffic Element Tokens

e Qutput the probabilistic distribution of trajectories, easy to combine with rule-based and
optimization-based PnC (as post-solver)

» Satisfying kinematic constraints & consistency with ego state (compared with linear regression)

* Get the confidence score of each action (how confidence the e2e model is)

31



Horizon Robotics

Q Gradient Field
i v

Diffusion Policy

VADV2 vs. Diffusion Policy SRR

* Both aiming at modeling the multimodal action distribution, S e !

e solving the uncertainty of planning

* Action space of autonomous driving (only spatiotemporal trajectory) is
relatively small than robotics (tens of degrees of freedom)

* Discretizing and scoring is feasible

* When the granularity is small enough, discretization error is negligible

Diffusion Policy

Chi et.al. Diffusion Policy: Visuomotor Policy Learning via Action Diffusion. RSS 2023. 32



Spatially-continuous Tokenization and Planning Probabilistic Field Ry &

Horizon Robotics

NERF 5D Input Output Volume Rendering
Position + Direction ["]l] Color + Density Rendering Loss
(xyz.0,6)— — (RGBo)
e v 2w P
T3 ' o r,9,b,0 = f(z,y,2,0,9)
(a) (b) (c) (d)
Planning Probabilistic Field
Image Token p(a') - U(MLP(¢(E(G)7 Escene) + Enavi = Estate))-
m I i E(a) = (0(@1),T(31), -, T(@r), T(yr) ),
Map Token I .
Conditioned on — ['(pos) = ('y(pos,O), v(pos, 1), ...,v(pos, L — 1)),
Navigation / Command . .
Agent Token v(pos,j) = (cos(pos /1e42™/1) sin(pos/1e4%™/ L)) :

Traffic Element Token
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CARLA Closed-Loop Simulation

CARLA Town05 10 miles long route

Sampling top1 action w/o post-processing

VA‘ v qui£

Horizon Robotics
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CARLA Benchmark

i Driving Route Infraction

Method Modality Reference Score1  Completion 1 Score 1
CILRS [9] C CVPR 19 7.8 10.3 0.75
LBC [6] C CoRL 20 12.3 31.9 0.66
Roach [54] C ICCV 21 41.6 96.4 0.43
Transfuser’ [40] C+L TPAMI 22 31.0 47.5 0.77
ST-P3 [18] C ECCV 22 11.5 83.2 -
VAD [23] C ICCV 23 30.3 75.2 -
ThinkTwice [21] C+L CVPR 23 70.9 95.5 0.75
MILE [16] C NeurlIPS 22 61.1 97.4 0.63
Interfuser [45] C CoRL 22 68.3 95.0 -
DriveAdapter+TCP [20] C+L ICCV 23 71.9 97.3 0.74
DriveMLM [49] C+L arXiv 76.1 98.1 0.78
VADvV2 C Ours 85.1 98.4 0.87

TownO5 Long

@ mrs

' Horizon Robotics
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Real-World Scenarios @ fth I 4%

Horizon Robotics
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Thanks

MapTR vl
Paper: https://arxiv.org/abs/2208.14437
Project Page: https://github.com/hustvl/MapTR

MapTR v2
Paper: https://arxiv.org/abs/2308.05736
Project Page: https://github.com/hustvl/MapTR

LaneGAP
Paper: https://arxiv.org/abs/2303.08815
Project Page: https://github.com/hustvl/LaneGAP

VAD v1
Paper: https://arxiv.org/abs/2303.12077
Project Page: https://github.com/hustvl/VAD

VAD v2

Paper: https://arxiv.org/abs/2402.13243
Project Page: https://hgao-cv.github.io/VADv2
VMA

Paper: https://arxiv.org/abs/2304.09807
Project Page: https://github.com/hustvl/MapTR
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