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Perception in Plan: Coupled Perception and
Planning for End-to-End Autonomous Driving

XX} : Bozhou Zhang, Jingyu Li, Nan Song, Li Zhang

AT E / &% . 1. School of Data Science, Fudan University
2. Shanghai Innovation Institute
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Perception in Plan: Coupled Perception and Planning for End-to-End Autonomous Driving
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Perception in Plan: Coupled Perception and Planning for End-to-End Autonomous Driving

0| Z2tel

Input: multi-view images + anchored trajectories (planning prior)

Images | € [N_img, 3, H, W] (impl: 3 front cams, 768x432) - anchors from K-Means on GT trajectories

\
Image encoder (ResNet-34) - three feature types
Image features BEV features Agent features
F_img F_BEV = LSS(F_img) F_agent
from backbone MLP - BEV seg map Transformer(Q=F_agent,
(per-view maps) (GT seg supervised) K,V=F_BEV) - boxes
Init multi-mode trajectory queries from anchors
Q_traj € [M, C] (M = 20 planning modes, C = channels)
Autoregressive loop overt =1... T (per guiding point P_t € [M, 3])
(a) Planning-Aware Holistic Perception — updates Q_traj
76
Image cross-attn BEV cross-attn Agent cross-attn
Q=Q_traj, K,V=F_img Q=Q_traj, K,V=F_BEV K,V = F_AgRel
P_t projected - ref pts P_t projected - ref pts dist-aware (P_t vs box)
=i S
(b) Localized planning step = waypoint at t
MLP decoder predicts offset AP_ft ; refined point P_ft = AP_ft + P_t
Motion-Aware LayerNorm carries Q_traj from t-1 - t (conditioned on P_t)
¢ feed P_ft forward; repeat for t+1 (near - far future)
/

RELS

Output: multi-mode planned trajectories
P_fe [M, T, 3] +class score S_f € [M, 1] = pick best mode
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Planning-Aware Holistic Perception

guiding point P_t7} position-guided attention2 0|&11, Q_trajE =Xt

R

t A& guiding point | query 2=
Q_traj€ [M, C]

P_t € [M, 3] (anchor0i|A{)

|

1- position-guided image cross-attn

Q_traj = CrossAttn(Q=Q_traj, KV=F_img) ; P_t > image reference pts

!

2 - position-guided BEV cross-attn

Q_traj = CrossAttn(Q=Q_traj, KV=F_BEV) ; P_t > BEV reference pts

L

l

distance-aware agent feature 7%
Ah AH2|(P_t vs CIZYE agent ©/%|) > MLP > F_DisRel
F_AgRel = Concat(Q_traj, F_agent, F_DisRel)

‘ ¥

3 ' position-guided agent cross-auun
Q_traj = CrossAttn(Q=Q_traj, KV=F_AgRel)

l

ALIEl Q_traj > Localized planning step (b)
lane-road-F#H agentS CIAI5H AEl
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Perception in Plan: Coupled Perception and Planning for End-to-End Autonomous Driving

Contribution
(i) Perception= planning 2t"H 0| S&5t= “perception-in-plan” | 2{CIYS == ME2 Z2|| 2R3 A2t

(i) Planning-Aware Holistic Perception 2 &1} Localized Autoregressive Trajectory Planning E%ﬂ 27HK| e EE= 24

- QX A=l 522 2% + E2E A& TAO| 7hsoH oh= A=l X 2 Xzt 0| = 2T 5| H=2[oHA .
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[ ] [ J [ ] i (a) Planning-aware Trajectory
> holistic perception decoding
Mutli-mode v ey L e e
trajectory queries ' _
t=0 - Autoregressive manner »t=T o 1
T (b) Localized autoregressive trajectory planning Franning resUl(s
oo o o Position-guided Position-guided Position-guided
Guiding image cross-attn BEV cross-attn agent cross-attn
WL point at ¢
Q — odaoao—ao@—a )&
Anchored trajectories (a) Planning-aware holistic perception

Multi-view images Image features BEV features Agent features
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Driving on Registers

- XX} : Ellington Kirby, Alexandre Boulch, Yihong Xu, Yuan Yin, Gilles Puy, Eloi Zablocki, Andrei Bursuc, Spyros Gidaris,
Renaud Marlet, Florent Bartoccioni, Anh-Quan Cao, Nermin Samet, Tuan-Hung VU, Matthieu Cord
. AFEl /A= 1 valeo.ai, Paris, France,
2. LIGM, ENPC, IP Paris, UGE, CNRS, France
3. Sorbonne Université, CNRS, ISIR, France
sta| JE : CVPR /2026
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Driving on Registers

eatureE planning2 £ g 7IC}.
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tokens HEE B fspecific to
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Driving on Registers

MM IO 212l

-
21=4: 7IHI2t 4CH (front, front-left, front-right, back)

OlO|X]: 4 x [3, 672, 1148] + ego status: pose, velocity, accel, command

-

b IR 7} ZHHI2HE 167 register2t &0}

-> 647 EE0| & LIRS K\ VE S=EICh

Perception Encoder — DINOv2 ViT-S (LoRA), 7HH2tH HE

2 . -
register token 2|%

9HJ1IElE* [16, 384]

P
7tH2HE token &=
L patch + cls + register 1671, dim 384

p
scene tokens = 7IH|2} 4CH concat (camera-aware)
L [NxR, D] = [4x16, 384] = [64, 384] ¢« T| feature map(~16k) CHH| 2f 25081 &%

Y, SH Al
—

= ViTO|| patch-cls-register token=

scene tokens (K,V, 28)

Trajectory decoder
4-layer transformer, dim 256

L Query: trajectory que

ry 647l [64, 256]
+ ego status 2134 & 4§}

£2 > MLP
trajectory 647l [64, n_p, 3] = (x,,8)

*|E layerOl| M register token 1671 2 2| =

7t 1ch (& 4CH W3, per-camera register)

N s ™
0|0l X| Patch embed
[3, 672, 1148] patch token, dim 384

L S L _

!

ViT 3 sequence (concat)

Scoring decoder
4-|ayer transformer, dim 256

patch token + cls token + 7|& register + £l7F camera register 167l (25 dim 384)
\ A7} cameraregister= N(0, 1e-6) 2 T =7|8}, LoRA finetuning2 £ &5

Disentanglement
stop-gradient + MLP re-embed - [64, 256]

)

/

Query: re-embed¥g! trajectory 6471
scene tokens® cross-attn (gradient

o | l

DINOV2 ViT-S backbone — X #| token?|| self-attention

£3 > sub-score MLP head 671
trajectory™ sub-score [64, 6]

frozen 715 X[ + LoRA (rank 32) adapter - register?} perception context &4

J) L

!

MEel: 758 meta-score argmax ‘

- Z|Z trajectory 17l (A\_cZ behavior-conditioned)
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7tH|2t 4ch grouping
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Driving on Registers

& decoder L{E 2} gradient = =(disentanglement)

Decoder block (x4 layer), inner dim 256 — 31 7=

i Y a ~ DrivoR decoder W52t gradient 5§
self-attention \ ' CroSs-auwteriuuil I 2 I FFN )
Q=K=V query 1 Q=query, KV=scene 1 ﬁ + residual
< J \\ Wy - J
i _ N e _ o
Trajectory decoder Scoring decoder
22 85 query 647 + ego i— 2% re-embedE! trajectory 647}
cross-attn € scene tokens [64,384] 3| cross-attn € scene tokens [64,384]
£3 MLP > [64, n_p, 3] =3: sub-score MLP head 671 > [64, 6]
WTA | MoN loss vs 212 #H/H BCE loss vs oracle (PDMS) sub-score
@ =4 N
R E
Gradient £ (disentanglement)
Perception Encoder
scene tokens
e _— t d - e
Trajectory decoder SoLS e ( Scoring decoder
1 K‘ / J
& 4
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Driving on Registers

Contribution
(i) &2t BEV B 0|L} CH X trajectory dictionary 1= simple transformer OF7| &l X
(i) E2E Planning= 93l register-based E2 =2

(iii) Disentanglement: H & S (trajectory decoder) 2} #| & & 7t(scoring decoder)E stop-gradient=

2 Eot0] viT 7|8 O|0|X| B =9f F=H¢l O]

(iV) Scoring: 2t -comfort & O 2 sub-scoreE 0| F 8l meta-score= X x| & HA AEd

e —

Sensor registers

Scene tokens
(all sensor registers)

>-9 Perception
Transformer
.. .. / encoder
HEE B
HE N
Images Image tokens EmET = >
Trajectory Q
queries
Ego status
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LAW: Latent World Model

- XX} Yingyan Li, Lue Fan, Jiawei He, Yugi Wang, Yuntao Chen, Zhaoxiang Zhang, Tieniu Tan
- CG+4El/ A= 1. Institute of Automation, Chinese Academy of Sciences, CASIA
2. New Laboratory of Pattern Recognition, NLPR
3. State Key Laboratory of Multimodal Artificial Intelligence Systems, MAIS
4. School of Future Technology, University of Chinese Academy of Sciences, UCA
- 33| JE :ICLR/2025
- 218 +=:1513
« ZI5| & : https://github.com/BraveGroup/LAW
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LAW: Latent World Model

=M 273

E2E At=2F A 2| scene featureE & 25 Al 7| 2{H E-& perception annotation (detection-segmentation & 2t)0| B£0| & Q SICt
SHX|OH 2t 2 HIM D, T2 ALHOIH|C| Ol 7| & B =2 temporal(A|Z2hH D2 E S &3] &-ESHKX| 23U LY

— = L oHdH=Z1T AL AA

Idea
"X2|X|=ets 2 2 O|o|E XM|o|A St =& &1, SX latentl} OIS E HEH2Z D|2f latentF O S 5HXH”
" g | Input image Input image
Occupancy Motion
Prediction Prediction Encoder Encoder
H - Visual Pred. Visual
' ﬂ /Latents Latents 5 / Latents
Depth Detection S e
Estimation Decoder T Decoder
Latent
| S7 eI
—— Model
Tracking Map Seg. Predicted Predicted
T Trajectory T+1 Trajectory
(a) Annotation-based Perception Tasks (b) Our Self-supervised Task
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LAW: Latent World Model

latent world model2| self-supervised loop

=22 t (SixH)
= Ve = s ™
o|0JX| (t) : Encoder . Visuallatents V_t
multi-view L visual encoder | | L7H vector, Zf v_tAi € RAD
!/; . l/ . \
waypoint decoder > waypoints W_t
. [M, 2], reshape > we_t € RA(2M) |
o J/ =
action-aware latents A_t
a_tAi = MLP([v_tAi, we_t]) — visual latent + waypoint concat
latent world model (transformer blocks)
V_(t+1) = LatentWorldModel(A_t) — self-attention across latent
L_latent = MSE(V_(t+1), V_(t+1)) - supervise \L
= iz =N
= t+1 predicted latents V_(t+1)
O|O|X| > V_(t+1) || DlH =22 latent OS2k

V_t( XY latent)2t W_t(0l|= waypoint)Z & X action-aware latents A_t= Bt=11,
latent world modelO| O|2f latent V' {t+1}= 0|53t £, A X CtS = oA &2
O| self-supervised task’| scene feature =& 1} trajectory 0|52 S A0 7H M BIC
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LAW: Latent World Model

Contribution

(i) Latent World Model= &%t 0|2l 0= : o4 X latent + 0| =

(i) Cross-framework universality : €=

H
—
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—
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- Waypoint':'
— g - D Queries )
- g*5—-=2 Y £
o W [:I a9 ED
Visual ’
Encoder Latents Decoder

Perception-free with Perspective-view Features
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ot waypoint2 O|2ff latent= O (& A| Tt

%1%’8% JHEICE,

SLpgrvise
] 1—
_ Q40 | =
| Latent Bl 4[] .
FEm e > gloge o
Model w .
O] 040 By ~%=
] W el
Action-aware Latent Pred. Visual
Latents Prediction Latents | Latents T+1
[ ] Motion 0 Waypointd
D Prediction Queries o
. ] ]Q Agent ’
> % @ ﬂattenD 000 Quenes
o< ] 000 Map
] j a Queries “*-.H |
BEV Visual Map

Feature Latents

Encoder Construction )

Perception-based with BEV Features
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« Perception in Plan: perception2 planning 20| Zg! (planning0| 21X| & 0| &)

 DrivoR: perceptions register2 =5} planningZt 2|

- LAW: perception= self-supervised latent 0| £ 2 2 CH ||
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Thank you

Question & Disscusion
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