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o REFEIREREM
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o iRFEH¥R/ Objectives
o EEBFNAMMIIHEARZ
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1. Prediction & Planning:
Background / &
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WHATS prediction & planning?



1.1 H 4% BT EHE] 2

WHATS prediction & planning?

BEMEERENRE (1] O

3t B EREiBRERES 5 E (agents) R FARTSHI
{53t (estimate) 1358

K. 3t B ZEMURTRASSISERL S B B#R (goal) K4k
ZSHILE (optimize) 1138

Mr. Bean'’s driver’less” vehicle X B R EEHA L AR L 5L (HEE )
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WHY prediction & planning?



1.1 AH % EMMSHER] ?

WHY prediction & planning?

BEMEDERERBE ] O

T T RGNS SERFARIKES, RIEGRE
=L, &8, —BERTAH

ﬂil]- HTHREBERENRIIRZE, FIBFNME Rt
7365, LA TFREMFFIRESRIR;

Mr. Bean’s driver’less” vehicle
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1.2 AR A/ 2 g Or e

WHERES prediction & planning? % ")
O 1
E “ et I s |
BEH B ERELELR: O PERCEPTION RE404E

[ BEV ][ Mapping ][ Detection ][ Tracking ]

! !

PREDICTION ' PLANNING
ol B N PRI

| |
!

CONTROL & ACUATION iZ#l| &3 1T

B2 %% 2 F 340 (perception) HEHUAI A,
Mr. Bean’s driver’less” vehicle i HE R AR 7S F #2241l (control) #14T [2]

Open.ﬂriveLab



1.2 SR KA | 2

WHERES prediction & planning? FO0|: EF =40 (Perception) 455 (Configurator) , &t
#% 3 B (Yann LeCun) ’T‘I‘ﬁ[S]ﬁ : O 21z (Memory) : *D*ﬂfﬁ'%mﬁ (Actor) Eﬁiﬁjﬁi&
@) agentf it 5F4EE (World Model)

;ﬂiﬂ E T 240 (Perception) 455 (Configurator) , & it
SRR R BTN (World Model) B 37 R SRS HIB T
SEBE (Actor) RARZSTEM (Cost)

OpenﬂriveLab
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HOW do we pipeline prediction & planning?



1.3 hn{eT#i 3 M S TIHESR 2

How do we build the PIPELINE? 1.EBETE

H
.
L]
L]
.
.
)
L]
L]
.
2 > ] > .
L]
. L]
9» ]
A
L]
L]
.
A

] 1 . o ETFiFit(secl5) y '
- o RAEMARIL(sec14) . D e GREEASE - o HAEMKRSHAMEE
Lo HIATIALHE (sec14) - [ (sec2.2. 3.2) N Lo HEERISMESE

- A‘(gf Motional RGO
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14BN\ EHLWMAER?

What INPUTS do we require?
F B ARSI 4]:

o SHEHEF{EIRT (Agents)
o HIEER (Map)

R RAEE5]:
o Z5/E|&1t (Dense/Visual)
o B/ E1L (Sparse/Vectorized)

¥ 38 ST 4 ER[6]:
e HZrdul (Ego Centric)
o X&) (Object/Query Centric)

OpenﬂriveLab



& 3
1.5 BB X THRILIZE 2 o sl
HOW do we model pred. & plan.? = .
B ccos []

il 4RiD-fRRD ; BAERME A B (Interactions) [7]
&
E Eveoing
RE Ego Future Agent Future e Ny
& Planning Prediction o o
1f i £ F (Backbones): : — 5 o

e Transformer (Attention graph) [8] aesies .. r e

o EMZML (GNN)I GNN

OpenﬂriveLab
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Outline

Prediction

o ENEBEE / Definition & Challenges
‘ o FHM{ES A %L / Prediction Methodology

o FEBEFIM / Intention Prediction

o  EAFNEFM / Uni-modal Motion Prediction

o fgAMM / Occupancy Prediction

o  BEASTM / Multi-modal Motion Prediction

® o IBERFIE K / Metric & Benchmarks

o  FUMEMIEHR / Prediction Metrics
o  TMIEAESEIEE / Benchmarks & Datasets
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2.1 N 5Hki%

DEFINITIONS & CHALLENGES

FM: %) EE XEEDEETESS5E (agents)  MFH IR

A5, 2 HREESR M XFTA agents kR M
(estimate) ;I FE[10]: P(Y1.n[X; M)

PREE:

o ;RZ%(heterogenous)#JagentZ 5|

o XHEESZIIHEEHMM (compliance) !
° %agentsﬂ@??%$ﬁﬁ7’f'l‘$ (uncertainty) Heterogeneity Compliance Uncertainty

OpenﬂriveLab



2.2 FAHESE A &L

PREDICTION methodology

Risk for road user 1and
trajectory A

E EIFM (Intention Prediction) B ST (Uni-modal Motion Prediction)

.,. g ."/): '—j«j: -‘-_ & -
A (

] b4 \
; ! |
iy B FM (Occupancy Prediction) Z 757 (Multi-modal Motion Prediction)

OpenﬂriveLab



2.2.1 EEFN

Intention Prediction

5E X : ¥ F BB agentsk TR AR
(behavioral categories) BIfl3t{11]
o %A (classification) £
EEmHER:
o IZMEIREM: (F)HE,; (TA)ITE([12,13]
o HHEAXEM: (AE) AL FHEE[14, 15]
o IREFAREM: ffilE;3xxH[16,17]

% ENARENRT, ZTER
L5 - RIETEMEE, BRBMEHE

§
77

maORRE%E

OpenﬂriveLab



X,
!q @ Centroid : d]2 i,
2.2.1 BETW o L 3R

d
H
d

Intention Prediction a %

x%df:d,udhdjmjmj M xﬁ%"f
fgﬁjjif mpbG)= 3, 4+ 3, 41+ 3, 4
o IHERHE/HBERAE[19] KMeansHEE¢ b T AR AT AR (HMM)

o MTEMHMM/Bayes .oivn

N
ar1(J) = <Z ay(i) - ”e-j) b;(&es1)

i=1

a1(g) = m;b;(&)

® a of(st)5(s")
pitt o O. K 2:’, ot (st)3'(st)
Network)[20, 21] g =7ZZ(EP”' . o
gt _ Do (P @ - 6 - S = arg max(rt (st))
’ i P &) o
EME2E DAt Hr 4% (Bayes Network)
§$$qMﬁ;£. softmax output ® @ @ W
P J:F'] Z~ E - 22 e ] e [“sfener |
*E ig[ ] e |0L|| s \7’};\ FL = —(1 = Pt)y log(Pt)
o HEFREKNE: X X (CE/BCE e [ 00— Ih
e & CE = ~log(P,)
Focal loss)[23] — -

input layer

ETFFINTE

Open.ﬂriveLab




2.2.2 B3 IRTIN

Uni-modal Motion Prediction

iE X : 3 F Biflagentsk RS /EN B
(motion/states) BI{&t [24]
e [EYA(regression){E%

Eh 34 H AR
o RFEIRTS (XY, vx, vy, 0)[25]

o REFEHIZ (acc, steer)[26]

o K3 &= (bezier, poly-curve)[27]

i85 BT MRS, SIS~ B Ay E
%0 FREN/ SRR, UL ~ Uk

RFAEH| R

OpenﬂriveLab



2.2.2 BENRTHN

a = const.

CV  Constant Velocity

a)
Uni-modal Motion Prediction gl
¥  TurnRate —\lbl
Acceleration M'
CTR Constant Turn Rate *xy)

¥ ¥ CA  Constant Acceleration
K = ; = const. K= ; = const.
x  Curvature

v Velocity L_'

a = const.

cv Constant Velocity CTR  Constant Turn Rate

"G A ik:
o WIIETIN (R RIEE)[28] IR (R A )

o EEIFHMEEH (MPC)+RR

S~ . ; Compute the Kalman Gain
%71&\;&% (Kalman Fllter) Project the state ahead T

= B
;"“. AX:‘ i ) _ Update the estimate via measurement
— — a2 71 roject the error covariance aheal K Gy
J_Kﬁj]—?*ﬁ:t) 29 Ll
[ ] Biu= API(AT +0 Update the error covariance
P, =(I-K,H)P,

Initialize R, P, Q once

FANI

Initial state predicted state

estimate motion estimate

\ prediction _/;(“k
T MPCH+FR/RE M- 1E

OpenﬂriveLab




2.2.2 BAEH SRR

Uni-modal Motion Prediction

EFEIAFE:

BERERL A3k [30]:
o [HIEMERS (MLP-oneshot)

MLP Decoder

5T

o H[EVILERE (RNN-autoregressive)

BEREH A3, 32]:
o HTFMEAMAE (L)

o HETHIEmMA L Negative
Log-Likelihood + Gaussian &

Laplace)

e 0.5(z, y,,);z‘,/‘beta, if |z, — yn| < beta
" 0.5 = beta, otherwise

In — Yn
Smooth L1
= lOng(?a: — Mz, Ox; lA/y — My, Oy; p)
NLL-Gaussian
N T+H A
\H > logP (R (p! —pf) | itl,bt)
=1 t=T+1
NLL-Laplace

RNN Decoder

L2 v/

smooth L1 =

-3 -2 -1 0 1 2

Open.ﬂriveLab



2.2.3 5 A

Occupancy Prediction

XM FRAEREESE, KRR o T oo 0
BFHagent HHEMNET[10] i '
o %3 (binary classification)f£ |

%

5 FATNER:
o S (BEV) &5 RN [43]

o 23 (implicit) & BTN [44]

BEV 5 FAFN fa = 5 AT

% : BEVERANRTST, FM{EEagentsH R
£ MLIERER (tracking) , HHELFFEEK

OpenﬂriveLab




2.2.3 & A

Occupancy Prediction

Pir|s) x P(r) Y P(siw) Y Plc)P(wlc,r)

VAP %
o HETIMHETAIE[45] o R .
"o o o %
D TS TR o
ETFFEIWNAE:
o BirEE: ZRXXFBCE/  FL=-(1-P)"log(P)
Focal loss)[43] CE = —log(P,)

OpenﬂriveLab




2.2.4 TSI

Multi-modal Motion Prediction M1 _______ -n--
o M. as o
5E X : ¥ F B agents kTR - - Py M, -
Ri3hTARZS B9 483 H33] Marginal 2 I My ----(-==--
o &S ¥ (classification) EFH Samples 2 - 2 i
o HNiEK:[EY3 (regression) £FH
£ S TN L = SR
o JOFRFUM (marginal)[34] ;
o HEt&™TM (joint)[35] 0 o T m oo “-‘- - - """"""" !—: :
) - -8 ;- -SED
® %1¢%ﬁ”ﬂ‘u (Condltlonal)[36] Influencer | Reactor '
Prediction | C:) Prediction ’

Bt BT I TR, 2Nt il
LU MASEAR, ESHETR ‘

OpenﬂriveLab



2.2.4 ZESTM ‘

Multi-modal Motion Prediction
Dz:::ar Sdftmax S(E?(r?)s
fREL & LA & -
E#%EY3 (Direct Regression)[37]: ‘EFETE?'f?'ﬁ’z'?S
o FTHARMRSHIE
o HUTAERRDXT M ARTSHYEN I

Fe36mY3 (Prior Regression):
B #x (goal) St3& [ 38]

@&» Decoder —» [:|

-/
—
Decoder [— x/'

—

)

b—» Decoder —>¥

/ Multimodal
Predictions

/

ik
e i (anchor) SE5& M [32] @ & ;
o I (map) LR T3] : I o W
o R A& (heatmap) FiiMI[40] é . ' -
o HEEZAME (retrieval)[41] BRI A L T ‘ﬁFJbI%EIEI

OpenﬂriveLab



2.2.4 BR7STAN

Multi-modal Motion Prediction

M
Z P U135 T3 )

m=1
BHAE m* = mrEmin, dist(Tij, Fimg)-
M
B R

»Cg]l'ass - Z y J— 1ngim’

m=1

o FNESEH ‘WmEENZ (Winner

M
class E T
cl] + Irn:rrL*L(Tij? Tirnj)a

m=1

take all loss, WTA loss)[42]
o HEEH AWHALUERTERE

Ioh
(Y3

WTA : TR 5 GT i 1L MRS BB 3

(32, 39, 40] T
Pedestrian .L{\OQ > ~
9 300 5, S - id: 0 Q(eé\ N
— i \
o Fi{FZ= (ADE)[42] il \
_ - d f
. Xﬁﬁ{ﬁ%(FDE)Bﬂ A Ground truth [(:)DE:O
5%22.2 :

OpenﬂriveLab



2.3 FMFEER

PREDICTION Metrics

et ROC_CURVE S
Voo [PERTECT CLASSTIER R |
Troc class e "‘-\—:}:‘ '5}/’- :
P n == e N
[ fp1 I = i ./,'g
<, F
T Fae «
1 ] I . ¢ oo Pusibve w OGJ '
. e . Hype Ih'-,u‘;t:l“ [ | ; ision recal ‘t-

ar
o o Pabe Trae I ( | P
e Acc;Precision;Recall Ml e | e | ey = TET ,' |
‘ ' :o.zJ / /’/
e F1Score; AUC e i /

TRUE ¢

. Ll
2 on o0& o8 10
FALSE POSITNE RATE

T .
BT ADE = 3" f(@i — 26T + (4 — T
2. * ﬁ I : t=1

L e JIncoming
e ADE:FDE FDE = \/(zr — 25")" + (yr — y") vehicle

Mehicle

e 1EFE (Miss Rate) F() =1[zF > A v ayk > Alef)

[0 Ya] = (50 — 54) " Ra

i I

OpenﬂriveLab




2.3 FMFEHR

PREDICTION Metrics

3. o5 FRFOM: Iy -
[ s t
¢ AUC . o O O = o oF—oF %
o AFLk(oU)/ SoftloU ‘ i
1 ET: :
minADE(G) = mm — §g — si
4. g%ﬁﬁ“: T t=1 2 » Ground truth
(] minADE / minFDE brier-ADE, — ADE +(]_ — ]))2’ : N | M::igincll
‘ \\_‘ pre ictiqn
e BrierminADE / BrierminFDE brier-FDE = FDE +(1 — p)*. L

e Mean AP (mAP)/ Soft mAP AP =/0 p(r)dr e

OPenﬂriveLab



2.4 THNE#ESH RS

PREDICTION benchmark & Dataset

DFBIRE:
e NGSIM(3x15min, SEAE, FrEEHE)[46]

e HighD(11.5h, RN, FrEHE)[47]

e NuScenes (10001758, £ iE)[48]

e INTERACTION (16.5h, 4wifs, ¥riEHIE)[49]

e Argoverse 1 (320h, 20wigs, #riE4E)[50]

e Argoverse 2 (763h, 25wWigE, trE/ £83E)[51]

e Waymo Motion (574h, 56wifis, #ri¥/EHiE)[52]

s AGO-
A&»‘s Crossihg
‘ __pedestrian

OpenﬂriveLab




2.4 T EE Ak S IR

PREDICTION benchmark & Dataset

DFFEAE/BE1THE:
1. J8BR (marginal) Z 7SI Motion Prediction
e Waymo Motion Challenge (8s, 6 modals,
Soft m AP) Argoverse

e Argoverse 1(3s, 6 modals, BrierminFDE)
e Agroverse 2 (6s, 6 modals, BrierminFDE) AN
e INTERACTION (3s, 6 modals, Miss Rate) A

i nuScenes prediction task
e NuScenes (8s, 5 modals, minADE)

Leaderboard

Export as JSON
AinFDE_1 HffRoadRate

OpenﬂriveLab




2.4 T EE Ak S IR

PREDICTION benchmark & Dataset
DI B A/ PEITHE:

2. Bk & (joint) SHLSHUA! Occupancy and Flow Prediction
e Waymo Interaction Challenge (8s, 6

modals, 2 agents, mAP)

e Argoverse 1(3s, 6 modals, BrierminFDE)

mmmmm

e Agroverse 2 (6s, 6 modals, BrierminFDE) o e
e INTERACTION (3s, 6 modals, Miss Rate)

3. &4 (conditional) A TM:
4. & BT e INTERACTION (3s, 6 modals,

e Waymo Occupancy (8s, AUC) Miss Rate)

OpenﬂriveLab
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Outline

Planning

o ENEBEE / Definition & Challenges

' o FXIHEZR / Planning Pipeline
o Bi%EHFELER / Motion Profiles Generation
o  FKIER / Planning Paradigm
o  fRHBEHEL/ Cost function
o  ff{L3’ / Optimization Tools

® o IE¥RE A / Metric & Benchmarks

Open.@ riveLab



3.1 BN 5 Bk

Xs g
DEFINITIONS & CHALLENGES T

AR A BE XRBLEETESEE (agents)  HF LIRS Yi;'\“f?z (E; X,
, 2) = HEYE R M; 3) Eizagents TN ’ ; 4

4EYRER . X, : g
MEEXRFRAKS ML (optimize) [53] X1'

¥ = argrpin C(?; X, M, g)

TCY),

PRRE:
o AL/ MEEELZITE#ETE (robustness)
o [ETFUNEEEBIEH T (compliance)
o ITARATEM (uncertainty)

Robustness Compliance Uncertainty

Open.ﬂriveLab



3.2 MHNIELE

PLANNING pipeline

20.0

Surrounding vehicle 1 x 17.5 : :n:aej t?:;:dary
(m)
S——— - == J~ 125
- Surrounding vehicle 4 E 100

7.5
5.0

(m) fmp ; .
1@&%%&& (Motion Profile Generation) Zﬂﬂlgﬁﬁ (P|anning Paradigm)

Crvng Demonstirasion: Daterministis Panning

.M G YL R (Cost ‘f‘u’nctions & Optimization Tools)

OpenﬂriveLab




X(7=0) = vgs
. . %(T _ 0) o,
MOTION Profile Generation < it i
y(T = 0) =UYs
V(T =0) = vy
F(m=0) = ays

= 2 3 4 ! yir=T)=ye
SMAMBER (541 i [ Srmmreeer e | B o
1 ETF SRS S b T 4 P )

2. B4 ¥R (Frenet) 45#: [55]
% MANMEFE, REFERBRE
S BT LR FNE BT

3.2.1 Bk 4 R I | T FWL

RUFI (L MBER[56, 571: = | — .-
1. BIXENIER(S3£14) e |5 e o

2. AR/ ZESHKIEE (5£2.2.3) L e B e I
k- gs *ﬂﬂ' Buka %ﬁ;ﬁ'ﬁiﬁ B R B Rl PECEEREEREO—BEETET ] s s
5 FiREk FEEENX

ROTEESI B A R

OpenﬂriveLab



3.2.2 MHER

PLANNING Paradigm d= (o) )
1. 7RF K (behavior planning) : %t B & B &E 11T ‘
ottt A B RZAE RS (58] )
| ‘j‘(\
o EHTFAHMRRKASH(FSM) B [59] e HIRAKZSHL (FSM)
(] E:FJ'EEE‘[E;'_‘"F >j ( I RL) E/‘]1jt1t [60] E(O =EV2Ll:ate t:ajectorles . Exe;il;t:-eselected;'a!ector?
R, =3 (=)
® E?*% %"'ﬂ]?&%ﬂi“ (Sea I‘Ch+DP) E"]{j[-,’“:, [6 1] Noisil):z;tieonal e (=) (=)
R[] #3RIEZ ST (IRL)
1. WEERP/ ZH1TREKH/ value (cost/value) Ego motion sampler »
2. BEAME/IMOTRES, EENRIEEND e — ' e,
S M EERR, ETEREES, #EE =
L - HMRESEMSS, MR P8 & (Tree Search)

OpenﬂriveLab



3.2.2 e

PLANNING Paradigm

2. 5Bz % (motion planning) : X} B &= E Sk 2S5
HItREAE [58]

o FL1EAI (Model-free) #5B 4t [62]

o IRIEITMIESHI (MPC) BIL1E [63]
VR

1. SBEREREMEEAMICEENE

2. BEBS /2SR M/ value (cost/value)
3. BFMALIEXT RURIEF T FHITHAL

35 : BRI E LT A
%% HIERER, TREXTHE

------------

Dyewmi tre®ic onvirscesint

Urcreser

Py —— T b _
'—F- - S S ‘A.i'ig' " plass un-.
I-a. A B el d A .
* Sader Mor sk s 3 &,
Fosinption oyvties - Prodicdan e ;
W oprnhitee reded A& pedb cuwe
—1 b oy
Petiutal b s B
4

1 BT 4] (MPC)

OpenﬂriveLab



3.2.2 e

PLANNING Paradigm

BENFELF (motion planning) 5t [28]
‘Cost functional

to+T
minimize J(x(t)) :/ L, @, & )dt

to

Constraints

subject to  x(to) =0 and x(to +7T) € Xgoa . { ginemgtic
flx,&,...) =0 VtE [to,to+ T ynamic
g(x,&,...) <0 VtE [to, to + T External {gg\éitgglggrridor

Example: ) , , ,
L= lwoﬂ?|m = mref| '+3Uvel|d7 = ":Bref| '+3Uacc|ﬁ§| '+;wjerk| JI| :

Follow the Reach the Reduce Reduce
reference path desired velocity accelerations jerk

Open.ﬂriveLab




3.2.3 KRUTBEEE

Cost functions

RO EE: Xt B FE RS E AT [58]
o EHHE: BEEEZHHEWINR
o AL EFEZMIL. AT BIEREL

KRN EWHEEER [38]
o RN FRFHS, shSSEBITHlE
o B EEITHE, RIEHMNEHM
o EEM MINHLTE, BRIFT/
o MR% - ZBWM B BRLEAIMLE

Ego-Agent Ego-Boundary Ego-Lane
Collislon Constraim Overstepping Constraint Directional Constraint

i3

ErEtt WA

OpenﬂriveLab



3.2.3 RO EEEK

Cost functions

Y (meter)

1 2
X (meter)

PO [543 £ (4C decompose) [64]

38 R X4 B Sse

Road-side
Perception &
Storage '
Obstacle vehicle  Road boundary Ezo vehich 2
—_ C
2K :
1 £ 0
1 >
~(i,k) A(j,k—1 ’ -2
m,t - n, =25 0.0 2.5 5.0
X (meter)

F
]

o EEREX%[64]
o E R (repulsive field)[65] ., ZAobseXp[_%((X—Xo)z LYY ATSER (6C decompose) (64

’()\lallu :(__)dm'.\hh: 1

et
< N . —_ L, ST (-):mlrdm'uhlu: - ();:gclll'
o ik (centerline) FEE T —
. \. ()' = COD\": 1! |7'1 N }{r'qo‘ “’r'qu | ()num»dll\'uhlc)

B {T1 (drivable area) 2 #7 [66] L. :

OpenﬂriveLab




3.2.3 KM

Cost functions

38 R X4 B Sse

aFEM
e 1x/IMEjerk

o H/IMERNMZEE

MEE
o ZRItHNIEER

-
Wierk | &'|”

—Ainmm

t=0

Accelerator release / Torque appliedto reduce jerk

\":
Motor tmqueQU Achieves a gradual
5 \ and smooth stop

Without control - -~ / without skillful driver

Vehicle velocity—\
0km/h \\
o=

Open.ﬂriveLab



Algocttene dillerensation

3.2.4 AL s == =

Optimization Tools (=l - 2/ 4
P : T

Jn e 4 w0

=} CasAD| {5

-

CasADi [67]
o SEBBEROMILIE ‘w;nﬂ: il e

Matrcvalued graphs Function embedding

o FRRZMERES
o EWMIMALFEEE (pipeline) St

Prior knowledge
Neural ® -‘F‘_. Neural
els madels Gutput

Theseus [68] IEI H - mgomi..{;n..:,c,m-;,p;{ . H H N
init (& Theseus 9ce)

| learned  known  hybrid
u | e L1 |

o A4 (differentiable) B9fitTE == sl L

e 3 ZAPytorch
o TIERAMEE R KIZIRT & Theseus OPyTorch

Theseus

Open.ﬂriveLab




3.3 M FEHR

Planning Metrics

R RE / 1 EEfedR
o L2FFEE

o HIXSERLE (Route completion, RC) + VR

RPlan

o EHRiHE (Expert's progress, EP) o . s

R;

RE/ B
o [fifi## 3R (Collision rate, CR)
o TA[{TEIEME (Area compliance, AC)

o HEIME (Infraction score, IS)

ped.,. . .,stop (_J\ 4infractio
H ( Z)**mfuu’tzons |

Open.ﬂriveLab



3.4 HRNE

Planning Benchmarks

The world's first

benchmark for [?
miﬂiqzﬂllgﬁit [69] autonomous vehicle ;; .

planning

o FFEIREM (Open-loop) (F#EFE 1 [70])
o [FAIRMEITKIEM (Closed-loop log-replay)
o [HEFFERIIEM (Closed-loop reactive)

FURVER B 7 SR/ 4540 28

e nuPlan/nuPlantZ#l3s (>1000,000i%=)[69]
e Waymo/Waymax 1&$1 28 [52, 71]

o CARLARHIZR [72]
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Planning Benchmarks

R EHE :nuPlan
o Test14[73]: #8400, 3FMIENA R
o Val14[74]: ££51040i7 8, 3FIENA R
o BE{THE:2023(E=H) ;2024 (im X itm)

FRI B - CARLA
e Longest6[75]: 21361 town, FIFHEHL
e TownO5[75]: —“  town, FIRHEHL
o HEfT4E: (CARLAL, CARLA2) FAIERHEL
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Open Questions

o REFIANTRMTUMEMKIFE, #ABEHLMEFLSE 2

o TG MI aNMIHITIER N EFIFE S (integration), # AT EEBE! {1 L0722

o FILMFNF K EHNRZ B/ ELETHE ? EREFHERERIFH TR ?

o FUNFNM KN ANMNEIEERE, B £ TRRRA. A ESERER 2

o TUMMESZFNHFRIEE! (world model) EH LR SR 7 ?

o NI —HIRFAUETESR, VENGRFZFNEE (benchmark) HIESLE 5K 4E 2
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