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End-to-end driving from cameras

Inputs

Sensors
Cameras
(at current time and
optionally previous)

Ego status
Speed
Acceleration

High level command
(e.g., “Turn” right)

Outputs
Trajectory for the next 4
seconds (8 timesteps)

Navsim scene (nuPlan)
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Previous work

Modular end-to-end trained methods Modular: multiple perception sub-tasks
. e Tracking, mapping, forecasting,
ViP3D OUniAD 0 FUSIONAD qiarcam occupancy [ planning

E2E Till Forecast. Among first E2E Planning D VAD (vectorized Rep.)

[ ParabDriVe weapas. ipsine E2E trained: jointly trained via queries

o All tasks are learnt jointly and grad
flow from planning objective to
image backbone.
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.l I MapDing I I Mapping | gttt | PRIV planning
Prediction / \ . 8 Prediction | Prediction
-' f i || Y
Planning 2 BEV - Y. :
e \ Motion / features\ |
BEV i S Prediction . Detection ’ Planning . ﬂ
feature BEV features

s\ Motion / | I
Prediction . .

|
UniAD (CVPR ‘23) - VAD (ICCV 23) : OccNet (ICCV 23) - PARA-Drive

—> Latent features ———> Compact outputs =———> Latent + Compact = = => Test time only

Valeo briving change Together 3


https://arxiv.org/abs/2208.01582
https://arxiv.org/abs/2212.10156
https://arxiv.org/abs/2308.01006
https://arxiv.org/abs/2303.12077
https://openaccess.thecvf.com/content/CVPR2024/html/Weng_PARA-Drive_Parallelized_Architecture_for_Real-time_Autonomous_Driving_CVPR_2024_paper.html

Ambiguity in End-to-End Driving

What is the correct driving behavior in this situation?

Valeo briving change Together
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Previous work

Scoring-based methods with fixed vocabulary

MultiPath O VADv2 0O DriveSuprim
0 Hydra-MDP OGTRS
OZTRS

Pre-computed vocabulary
from traj., clustering of the dataset
Optionally refined with a light regression head

Scoring head
A scoring head interacts with sensor information
predicts scores for each vocab.

L NA N 2enl i mddav Aamvimara Auiiiada b amdla-
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https://arxiv.org/abs/1910.05449
https://arxiv.org/abs/2402.13243
https://arxiv.org/abs/2406.06978
https://arxiv.org/abs/2406.06978
https://arxiv.org/abs/2506.06659
https://arxiv.org/abs/2506.06664
https://arxiv.org/abs/2510.24108

Previous work

Trajectory prediction and scoring

| Pad DETR-like regression-based queries + PDM scorer

DifoSion Drive diffusion-based queries + classifier

Sparse query-based traj. prediction
Fixed-number of traj., queries
Cross attention with sensor inputs

Scoring head
A scoring head interacts with sensor
information
predicts (PDM) scores for each predicted
traj.

Driving Change Together
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iPad

Anchored Gaussian Distribution Ninger Noisy Trajs

L

=

Agent
Perception S 0. C"nditi";n

(Map/Det) N\

Map

BEV/PV
On-board Sensor Data N
(a) Overall pipeline

DiffusionDrive

Sample -

g o]

Sparse BEV
Proposal Queries

Proposal
Features
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https://arxiv.org/abs/2505.15111
https://arxiv.org/abs/2411.15139
https://arxiv.org/abs/2505.15111
https://arxiv.org/abs/2411.15139

DrivoR: Driving on Registers

CVPR 2026

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
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Compress sensor data
using
“Scene Tokens”
(registers)

HE B
; Scene tokens
Sensor registers .
(all sensor registers)
Perception
=.Il=. Tr::jf;’:er J 1/ K.V 1’ K.V Scored trajectories
Trajectory E queries Scoring ;
Images Image tokens EER = Transformer z EET N —> Transformer \
Trajectory @ decoder g 0 decoder :
queries A |
Ego status P
Trajectories ]
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Perception

Q Use efficient pretrained models
DINOv2 with LoRA finetuning

Registers: perceptual compression

( /) Use additional registers (trained)
Keep only the registers (<< #image tokens)

250x Compresion: 4x4096 » 4x16 tokens

Driving Change Together

Scene tokens

Registers from
other sensors

e 8
LoRA finetuning

— Em =m0
I :
mage m uE Sensor registers
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Image

(specific to
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How to reduce the
amount of camera
information?

Compress sensor data
using

“Scene Tokens”
(registers)

EE B
Sensor registers

How to reduce
architecture
complexity?

(any hardware)

No BEV projection

Transformer only

Scene tokens

(pll sensor registers)

How to estimate the
quality of a trajectory?

Rz

Perception
Transformer
I |
m [ encoder
EEE B
EE B

Images Image tokens EEE ®m
Trajectory g
queries

Ego status
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How to reduce
architecture How to estimate the
complexity? quality of a trajectory?
(any hardware)

How to reduce the
amount of camera
information?

Traj. / scores
disentanglement
+

subscores

Compress sensor data

) No BEV projection
using

“Scene Tokens”

(registers) Transformer only

g Scene tokens
Sensor registers

(all sensor registers)

Perception
[ | e 1/ KV KV Scored trajectories
I m encoder
..=. = = Score PR

|4 . (%) .

. Trajectory E queries Scormg
Images Image tokens EEE BN Transformer %D EEE N % Transformer

Trajectory 0 decoder 3 Y decoder
queries A
Ego status
Trajectories
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Scorer

How to score trajectories? Alternative to pure Imitation Learning
Safety & Compliance Progress & Experience

Time-to-collision (TTC)
Ego Progress (EP)

e No-at-fault collision (NC)

e Drivable area compliance (DAC) Comifort (C)
NAVS M
On Road < On Road On Road /
Human No Collision +/ No Collision + No Collision <

LR b A [

ADE: 0.0m ADE: 2.3m ADE: 1.1m ADE: 1.0m
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Scorer
How to score trajectories? Alternative to pure Imitation Learning

Safety & Compliance Progress & Experience
Time-to-collision (TTC)

' ' Ego P EP
e Drivable area compliance (DAC) Cg;f(;?tg(rg)ss (EP)

e No-at-fault collision (NC)

ZwE{EP,TTC.C} weight, X scorey

PDMS = [[ score, | x '
me {NC,DAC} ZwE{EP,TTC,C} weight,
pen;lies weighted average

Driving Change Together 13



Training the scorer

How to score trajectories? Alternative to pure Imitation Learning
Safety & Compliance Progress & Experience

Time-to-collision (TTC)

e No-at-fault collision (NC) Ego Progress (EP)

Comfort (C)

e Drivable area compliance (DAC)

Subscore index ¢, and trajectories index i

Lugj = min [|7; — 7| Locore = Y Ae ¥ BCE (Go, (13), Ge(T))

L —_ £traj ‘I_ ASESCOI‘E:
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Pseudo closed-loop: NAVSIM-v2

Safety & Compliance

No-at-fault collision
Drivable area compliance

Progress & Experience

Time-to-collision (TTC)
Ego Progress (EP)
Lane Keeping (LK)

Driving Direction Compl. (DDC)
Traffic Light Compl. (TLC)

History Comfort (HC)
Extended Comfort (EC)

Initial ()hxu\ ition

Synthetic Observations (pre-generated \\nh 3D Gaussian Spl atting)

Combined Score:

(i
Scorestage.1 X (Z ") x Score )
0.01

Stage 2

047 Weights (")

0.52 (normalized)

Driving Change Together
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Benchmarks: a simplified pipeline competitive with previous work

" NAVSIM-v1 |

N\

R R I R R
S A Q\\@

QQQ @0 é\ %\)

e N 0@0

N

Valeo briving change Together

' NAVSIM-v2 |

5TRS-A (V2- GTRS-DrivoR ZTRS (V2-99) DrivoR (ViT-
S)

99)

(VIT-S)
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Impact of image encoders - NAVSIM-v1

N—

Method NC DAC TTC Comf. EP [PDMS
Human driver 100 100 100 99.9 87.5| 94.8
DriVOR (trainval, DINOv3) 99.1 98.2 967 100 880 925
DrivoR (irain, DiNOv2) 08.9 98.3 96.2 100 89.1| 93.1
DrivoR (uainval, DINOv2) 99.0 98.9 96.7 100 90.0| 93.7
DrivoR (trainval, Franca) 989 989 962 100 912 939

Driving Change Together

Fully open source valeo.ai foundation model
https://github.com/valeoai/Franca
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http://valeo.ai

= o DrivoR
@ (Efficient: ViT-S)
g Mem: 0.5GB
[a4]
KoL)
2 47
o
= GTRS-D GTRS-D
= (Transformer: ViT-L) (Transformer: ViT-S)
£ Mem: 1.6GB Mem: 0.38GB
o ) .
T 461 CNNs based: fast but suboptimal EPDMS
o O
=
2 O
<
= 45 GTRS-A .
(CNN: V2-99)
Mem: 1.42GB e
(CNN: V2-99)
Mem: 1.0GB
44 -
450 4(I)0 350 360 25'0 260 15;0 160

\%’ Driving Change Together

Throughput (ms) { (Lower is Faster/Better)
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Scaling DrivoR




SimScale Training Data

| 1. Real-World Data

| 3. Sim-Real Co-training

SimScale Framework

e Augment real-world images using = = - =
. i Real Logged States Human-Expert
3DGS rendering B . e e % _____________
a® Pseudo-Expert
e Pseudo annotations with ANY OC_,OO
PDM/Recovery-based trajectories &7 E2EPlanner <5 &5

(]

| 2. scalable simulation Data

u reactive sim 3 DO

Scalable Design Architecture B cecctvesm:

Efficient transformer-based design enables
high scalability.

e Training DrivoR with extra 65k and
134k SimScale samples () Scalable Simulation Data and Sim-Real Co-training  @#Recigo  @# sim. Ego

\m, Driving Change Together
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" NAVSIM-v1 |

' NAVSIM-v2

[RSDAvoR (VIT- ZTRS (V2-99)  DrivoR (ViT-S)  DrivoR (ViT-S)  SimScale 185k DrivoR (ViT-S)
\ s) +65k SimScale +134K SimScale
:9 & @° Q
xx Qb \§ N
Q { ¢ &
S & >
" @) &
e N
) o(\
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TOAD: Test-time Optimization for

Autonomous Driving

Yihong Xu, Eloi Zablocki, Yuan Yin, Elias Ramzi, Ellington
Kirby, Alexandre Boulch, Matthieu Cord




E

uolnolipaid
Aio1oslel |

DrivoR

23

Driving Change Together

The scorer does not help the trajectory prediction.
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Improve the trajectory via scoring

'
s . n ot o ol 0
¥

1.00/095 ¥ Lo

g5
2B
05
© O
L W -
= a

-

Search in the trajectory space with scorer H :
guidance. N B
Preferentially as a post processing (no additional AN
training cost) ' foo .
30 20 10
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Cross-entropy method for the trajectories

) Sample >> Score and select elites >

A
> Init. CEM gaussians > B |,.1Scorer| . o
53 4 +reg | elite
aw rate i
B e 1 t Scorer
ase e lesat! o | —~— o 0.2
planner —~ Ty S + reg X
t t 3 t .
r Scorer
— g 1.5 —
T ‘ Tre9 | elite

: X K ﬁ
- After K iterations Update CEM gaussians F
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TR ani"a best traj_ (EPDMS=O.828)7
mmem= Ours (EPDMS=0.873)
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 NAVSIM-v1 |
' NAVSIM-v2

NAVSIM benchmarks q

15 (V2-99)  DrivoR (ViT-S)  DrivoR (ViT-S)  SimScale 185k  DrivoR (ViT-S)  DrivoR (ViT-S)

N\ N N N N N
g P P P P P +65k SimScale +134k SimScale  +134k SimScale
N AU N R Y +TOAD
O $
Z X o > S
s X & Q & o $
7 & 9 & @
\\b Q O
& &
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Method EPDMS (1)

iPad [10] 34.7
Q Smoothing the selected trajectory
Q Rescoring with external scorer

+ Search w/ GTRS scorer 239 31.1%)
Q Search with GTRS / Sparse Drive + Search w/ SparseDriveV2 scorer  34.6 (. 0.4%)

5> essentially classification methods + TOAD (search w/ DrivoR scorer) 49.8 (143.6%)

> bad generalization out of Hydra-MDP [4] 40.9
vocabulary

° Search with DrivoR
> trained with dynamic vocabulary

> better generalization + Search w/ GTRS scorer 38.1 (1 6.9%)
+ Search w/ SparseDriveV2 scorer  29.6 ({27.7%)
+ TOAD (search w/ DrivoR scorer) 49.7 (121.6%)

Driving Change Together 28



Generalization to other approaches

TOAD provide consistent improvement for all
tested methods.
> raising the scores to 49+ on NAVSIM-v2

Random initialization (iPad anchors) » 42.7
> the scorer must be in domain
»> random trajectories are out-of-domain

Driving Change Together

Method EPDMS (1)
PDM-Closed [14] 56.6

iPad [10] 34.7

+ TOAD 49.8 (143.6%)
RAP-DINO [9] 39.6

+ TOAD 49.0 (123.9%)
Hydra-MDP [4] 40.9

+ TOAD 49.7 (121.6%)
GTRS [5] 45.4

+ TOAD SL7 ¢113.8%)
ZTRS [6] 48.1

+ TOAD 49.2 (1 2.3%)
DrivoR [8] 54.6

+ TOAD 56.3 (T 3.1%)

29



TOAD

. . . ‘ 1
@ Lightweight computation é [
Almost free if sharing the perception S 4.6 Base planner
backbone. 2 b B scorer backbone
B roap
@\\ Test time only 200 - N
g No additional training time
676.7 19.1
19.4 20.4
100 | poim -
Generalization 101.4 107.7/88 108.1 91.8 L
@ All tested methods benefit from TOAD 0 104.5 118.8 782.5 778 .4 213.4 300.9
& © © © &
& & w &QS') &QSO *
Q’ﬁ\ N < (\) € ‘b"@
S
")
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Driving (and scoring) with registers O

TOAD
ViT backbone, SotA perception ®
Leverage efficient pretrained models (DINOvV2).
Transformer onl
I y Scaling

TYY Scalable with vanilla transformers. No custom
CUDA kernels required.

Scalable o
® w

Consistent improvement with amount of data DrivoR

GTRS-D GTRS-D
(Transformer: ViT-L) (Transformer: ViT-S)
em: 1. Mem: 0.38GB

NAVSIM-v2 EPDMS 1 (Higher is Better)

C/ Efficient test-time optimization - © C““’d: e siipelERRe
Negligible overhead via CEM optimization s (V7 )

Mem: 1.42GB GTRS-D
(CNN: V2-99)
Mem: 1.0GB
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Throughput (ms) ¢ (Lower is Faster/Better)
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Open questions

From opened-loop to closed-loop?
Simulators (CARLA)

Real data? (3DGS reconstruction?) '-1
Need a car?
.lj

Leveraging high framerate simulators
Pictura (ECCV-W 2026)

Multi sensors?
Lidar / Radar E

E.g. Using VaVIT (3D processing with vanilla ViT)

Robustness?
Different datasets https://valeoai.github.io/

Use time?
No gain to use time so far (benchmark too easy?)

Driving Change Together 32
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[=]:250E,
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https://www.youtube.com/user/ValeoGroup
https://www.linkedin.com/company/valeo/
https://x.com/Valeo_Group
https://www.facebook.com/Valeo.Group/
https://www.instagram.com/valeo_group/?hl=en

