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Background

End-to-End Autonomous driving has come to the long-tail stage.
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Existing Approaches and Rethinking

Why not integrate VLM with E2E framework?
a) VLM as Partial Module (Scene Encoder)
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Existing Approaches and Rethinking

Why not integrate VLM with E2E framework?
c) VLM/A as End-to-End Model
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AutoMoT: An Asynchronous VLA as E2E Model 6
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AutoMoT

» Architecture: Mixture-of-Transformers
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AutoMoT: Input Space
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AutoMoT: Architecture

Architecture
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AutoMoT: Layer-wise Joint Global Attention

Architecture
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AutoMoT: Output Space
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AutoMoT: Output Space ”
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AutoMoT: Asynchronous Inference

12

Asynchronous Mixture-of-Transformers

Reasoning Tokens

Decision & Plannmg Tokens -

Repeated Action Forwards

Outputs

= - N ~ (Many times using cached KV)
( Understanding / Reasoning Expert W }Ir‘* Layer-wise Action / Planning Expert |  ___ __ _____ =
Scene (l]J-nde;slanding ;;eas)oning Shared Attention Decision Making & Planning :’ . s @ : Decision Head
oW~ requency low, iah- orwar
r— FFN —-—_:_T Per-layer KV sharing = (Fighfremenn i) —» i i——,r—b @ lane keep
Layer L | L _J ——— LamerclC 1 FFN | decision + planning |
Self Atte«tlon » | Layer L K [ V. ] S| ayer I |l e 4 ol i ¢ € lane change
\L | @ J| T --coolilis ) e
LayerNorm s H 4 1 !
: ye J i 2‘;}12 5 & LayerNorm -, : Forward 2 @ : €7 accelerate
[ FFN ) e : FEN i~ e
Layer3 | * » | L -K v, —_—t—p| La |
ik SeFf Anunuon all it 2 u’ o AT | decision + planning |
(Cache keys @) | e !
& values) e ——
[ FFN K = FFN \ -
Layer 2 _ > { | Planning Head
= S¢lf~Aum-m Loyt @ LQ Lol 15 Self-Attention | ! Forward 3 Y : J
@ | @©O® | | =t
: | decision + planning |
[ =)
Layer 1 F 1A { E——t————— Pl Layer —t——p| laprl | fEN e ? I/
LayerNorm LayerNorm e —— o |
S = e —— = - i | i Q
1 % forward pass ¢ Frozen during action forwards | Many forward passes | !
6 Updated during reasoning forwards | (using cached context) ~ TTTTT T mT7 trajectory / path
T Reuse cached KV =
[ Vision Encoder & ] [ Text Tokenizer ?r':CJ [ Text Tokenizer ] { Projector % ] High-frequency inference
5 T x ) ) i i
Inputs J& : €7 45 knth
& e ors
M % Steer ?°  Gear D O C] O 000
v Decision Queries Planning Queries
Multi-frame RGB Current RGB LiDAR BEV Ego Status
=
t, s - cee
Asynchronous iy - o - t, + At to + 3At ty+ T— At th +dT to+ T+ At to + T + 24t
ORI o e e T ST e e e T | e e e e
quere.nce (Understanding Expert) (Update) @J {Update) >
Timeline J
Action —p| Forward p| Forward p| Forward p| Forward $ o p | Forward Forward > Forward > .
(Action Expert) (Reuse Cache) (Reuse Cache) (Reuse Cache) (Reuse Cache) (Reuse Cache) J‘ (Reuse Cache) (Reuse Cache)
I
i
KV Cache Status [ Create / Update KV Cache I Reuse Cached KV (keys & values) l Update KV Cache I Reuse Cached KV (keys & values) J —————

=

ANYANG
TECHNOLOGICAL
UNIVERSITY
SINGAPORE

ICML

International Conference
©On Machine Learning



13

Exploration: Generative (Diffusion) Head

( Planning Head i

[NmseJ [Spatlal Tra;ectory)—a-@—> Nixture—of Senoise l' Spatlal |
|

—_—

-Attention Refine | '
(Temporal Tr'QJeCtOV‘YJ [ Cross- Attentlon J (MoA) Block “ ST Temporal |

@ N s 08 ¢
®

trajectory / path
1] ¥ F‘ "

Condition ¢ C Condition
signal  --l-------- [ BEV Features -[Latent Decision Statej—— - signal
' ) |
—_— | e v | | | c|, —
' © [|Parallel . . ~ ol
Input ! Self  BEV Cross- | Latent Cross- > [NEN BiienE s
from 1| S Attention ; Attention , Attention | = |-
p L = 3 | Next
Previous ! | © y y 1 3| ! Block
Block 1| = —‘*( Sequantial Cross-Attention | > =
\ — e 1
N i o i o O\ Mixture-of-Attention (MoA) Block ----------- ’

T NANYANG .
TECHNOLOGICAL ﬂ -
'%'"5 iamosegen. G HARVARD @ ICML
- onference
1 Machine Leaining

SINGAPORE UNIVERSITY




14

Closed-Loop Longtail Performance

AutoMoT: An Asynchronous VLA Model for E2E Autonomous Driving

Table 1. Comparison of closed-loop planning performance on the CARLA Bench2Drive leaderboard. DS and SR represent Driving Scor
and Success Rate, respectively.

Method Expert VLM Generative Closed-loop Metric
Planner DSt SR(%)T

MomAD (Song et ;11,, 3(}25) Think2Drive - - 44.54 16.71

UniAD-Base (Hu et 2023) Think2Drive - - 45.81 16.36
TCP-traj (Wu et al., ZHZ 2) Think2Drive - - 59.90 30.00
DriveTransformer-Large (Jia ct al., 2025) Think2Drive - - 63.46 35.01

DriveAdapter (Jia et al., 2023) Think2Drive - - 64.22 33.08
Raw2Drive (Yang et al., 2 l_h) Think2Drive - - 71.36 50.24
DiffusionDrive (L.iao et ’U’*) PDM-Lite - v 77.68 8772
TransFuser++ (Jacger el 1I , 2023b) PDM-Lite - - 84.21 67.27
ReasonPlan (Liu et al. ’()’\) Think2Drive v - 64.01 34.55
Recogdrive (Li et al., 2025c) Think2Drive v v 71.36 45.45
DriveMoE(\ ing et al., 2025) Think2Drive v - 74.22 48.64
ORION (Fu et al., 2025: 1) Think2Drive v v 77.74 54.62
SpaceDrive+ (Li et 11, 2“2);1) PDM-Lite v - 78.02 55.11

MindDrive (Fu et al., 2025b) Think2Drive v v 78.04 55.09
AutoVLA (Zhou et l] , 2025b) PDM-Lite v - 78.84 51.13
SimLingo (Renz et al., 2025) PDM-Lite v - 85.07 67.27
AutoMoT (ours) PDM-Lite v - 87.34 70.00
AutoMoT + (ours) PDM-Lite v v 89.42 74.09

corotod NANYANG s
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Closed-Loop Longtail Performance

%= AutoMoT: A Unified Vision-Language-Action
Model with Asynchronous Mixture-of-Transformers
for End-to-End Autonomous Driving

‘_) St

Closed-loop Demonstrations

Example closed-loop runs in CARLA showcasing key scenarios
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Asynchronous Inference and Latency

Table 1: Latency breakdown of AutoMoT under synchronized
(AutoMoT-S) and asynchronous cached-step (AutoMoT) set-
tings. UE and AE denote Understanding Expert and Action
Expert, respectively. All latencies in ms.

Setting DP Refiner UE AE Refiner Total

16

Table 1: Inference latency comparison of VLA-based driving
methods. Results cited from the original paper, as public
checkpoints are not available for reproduction. Inference GPU
is not specified (training uses 8 x NVIDIA L40S).

Method GPU  Lat. (ms) Hz

OpenEMMA RTX 5090 7,683 0.13
AutoVLAT (fast) Unknown 1,072 0.93

AutoMoT-S — 80.3 37.0 — 117.3
AutoVLAT (slow)  Unknown 10,518  0.10
AutoMoT - 0.0 37.0 - 37.0 SimLingo RTX 5090 430 2.3
AutoMoT-S v 80.3 37.0 26.0 143.3
AutoMoT AutoMoT-S (sync) RTX 5090 117 8.5
utolo v 00 370 260  63.0 AutoMoT (async) RTX 5090 37 27
Setting L2@1s L2@2s L2@3s L2,
Original 0.14 0.29 0.54 0.32

Camera-only 0.14

0.31 0.501 0.32
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Open-Loop Performance

Table 1: Comparison of the Open-loop planning in nuScenes. The ST-P3 evaluation protocol is used by default.

Method Ego Status Finetuning L2 (m) | Collision (%) |
Und. Dec. Plan. 1s 2s 3s Avg. 1s 2s 3s  Avg.
UniAD Vector - - v 044 0.67 096 0.69 0.04 0.08 0.23 0.12
VAD Vector - - v 0.17 034 0.60 037 0.07 0.10 0.24 0.14
Ego-MLP Vector - - v 0.15 032 059 035 0.00 0.27 085 0.37
DriveTrans.-L Vector - - v 0.16 030 055 0.33 0.01 0.06 0.15 0.07 .
AutoVLA T v v 0.21 038 0.60 040 0.13 0.18 0.28 0.20 1 . IS 1t always necessary to be
uto ext - . . . . . . . . . .
ORION - v - v 0.17 031 055 034 0.05 0.25 0.80 0.37 tallored In AD?
RoboTron-Drive - v - v 0.14 030 057 033 0.03 0.12 0.63 0.26
OpenDrive-VLA Text v - v 0.15 031 055 033 001 0.08 021 0.10 2. Open-ended Reasoning?
OmniDrive Vector v - v 0.14 0.29 055 033 0.00 0.13 0.78 0.30
EMMAT Text v - v 0.14 0.29 054 0.32 - - - - ) )
SpaceDrive Vector v . v 015 029 051 032 004 018 049 0.23 3. Catastrophic forgetting?
OpenREAD Vector v - v 0.17 034 056 036 0.04 0.08 0.22 0.11
DriveVLM-Dual Vector v - v 0.15 029 0.48 0.31 0.05 0.08 0.17 0.10
Drive-R1 Text v - v 0.14 0.28 050 0.31 0.02 0.06 0.19 0.09
OpenEMMA Text - - - 1.45 321 3.76 2.81 - - - -
AutoMoT (Ours) Vector - v v 0.14 029 054 032 0.01 0.06 0.15 0.07
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Rethink Performance Boundary of VLM in E2E AD :

Investigate the functional boundaries of pretrained VLMs in autonomous driving, clarifying
when and to what extent AD-specific fine-tuning is necessary across different tasks.

Table 3. Comparison of reasoning capabilities across both general-
domain and autonomous driving—specific datasets. {: Results are
reproduced using the official checkpoints and evaluation environ-
ments.

Method LingoQA OmniDrive CODA-LM TallyQA InfoVQA
ReCogDrive 67.20 0.82 5.90 69.60 75.80
Robotron-Drive' 59.20 0.82 6.20 63.40 42.60
OpenEMMA 48.00 0.43 4.80 80.00 71.40
AutoMoT 67.00 0.89 6.07 81.40 89.30

1. Fine-tuning on Scene Understanding is marginal
2. Fine-tuning on action policy is significant

3. Entire tailoring would result in catastrophic
forgetting in complex reasoning.

Table 4. Ablation study results of investigating the performance
boundary of the pre-trained backbone. {: System prompt is pro-
vided; {: Fine-tuned on autonomous driving datasets; L: Lingo-
Judge:; G:GPT-Score; A: Token Accuracy.

Benchmark Task Category AutoMoT!  AutoMoT?
LingoQA (L) Scene Understanding 67.00 67.20
OmniDrive (G) Counterfactual Planning 18.20 67.80
ScienceQA (A) General Knowledge 88.60 87.80
FigureQA (A) General Knowledge 97.60 91.20
TallyQA (A) General Knowledge 81.40 52.40
InfographicVQA (G) General Knowledge 89.30 50.20
VizWiz (G) General Knowledge 75.60 50.20
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