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Abstract

End-to-end (E2E) autonomous driving must maintain global
consistency while preserving local precision. However, ex-
isting E2E approaches rarely achieve both goals simultane-
ously. Therefore, we propose a multimodal coarse-to-local
transformer (MC2L-Transformer), which is composed of a
hierarchical transformer architecture. Multimodal inputs are
fused into a shared embedding, and global waypoints are pro-
duced. Local refinement is then utilized to capture fine inter-
actions around the vehicle. Furthermore, a temporal encoder
summarizes recent context, and navigation target and velocity
are embedded to guide route- and speed-aware decoding. We
evaluate in CARLA, and the results show lower collision and
off-route rates even under sudden events. These results indi-
cate that combining a coarse-to-local hierarchical transformer
with a lightweight temporal context provides a practical step
toward reliable E2E autonomous driving.

Code — https://github.com/CYeryeong/Multimodal-
Coarse-to-Local-Transformer-for-Reliable- End-to- End-
Autonomous-Driving.git

Introduction

End-to-end (E2E) autonomous driving connects multi-
sensor inputs directly to control signals. This design simpli-
fies the pipeline and can reduce error propagation. However,
autonomous driving in the real world requires both global
scene consistency and precise local interaction around the
ego vehicle. Recent papers explore hierarchical transform-
ers in perception or in planning, produced in a single
stage (Chitta et al. 2023). Therefore, it entangles global
intent with local refinement and weakens closed-loop be-
havior. These limitations make it hard to balance collision
avoidance with off-route prevention, and smooth steering
with fast reactions. Therefore, we introduce a hierarchical
transformer—based E2E driving model that separates global
and local objectives. Multimodal data is fused by an encoder
into a shared embedding for trajectory generation. A global
stage first outputs coarse waypoints in parallel. A local stage
then applies residual refinement to capture near-field inter-
actions around the ego vehicle. Along the temporal axis, a
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Figure 1: Overview of the proposed MC2L-Transformer.

short K-frame memory summarizes recent context and sup-
plies keys and values to both stages. Therefore, the temporal
module and the trajectory generator are optimized indepen-
dently. This yields stable training and efficient computation
while clarifying the roles of global and local components.
We evaluate our algorithm in CARLA, which is the most
similar simulator to the real-world environment. It demon-
strates reduced collisions and off-route errors and shows
practical real-time potential.

Multimodal Coars-to-Local Transformer

Our model couples multimodal sensor fusion with a hier-
archical transformer for trajectory generation in E2E au-
tonomous driving. Camera and LiDAR data are fused into
a shared embedding, a short temporal module supplies re-
cent context, and two decoders generate global-to-local way-
points in a single forward pass, which can avoid heavy au-
toregression while preserving near-field detail.

Multimodal-Based Temporal Encoder. A fusion Trans-
former encoder ¢ yields the shared embedding z; =
Oruse(It, Lt ), and I, Ly are camera and LiDAR bird’s-eye
view (BEV) features, respectively. In practice, this stage
aligns features across views and rates, so the downstream
trajectory head does not need to relearn cross-sensor consis-
tency. K-frame memory M; = {z;_g41,...,2} is then
summarized by a lightweight temporal encoder ¢, to pro-
duce ¢; = ¢-(M,y). It provides short-horizon dynamics.
The navigation target and speed of the vehicle supply task
conditions. e, = ¢4(g:) encodes the local route goal, and
ey = ¢u(v) encodes desired pace and braking margin.
These vectors are concatenated with the current and tempo-
ral features to form the keys/values K; = [2¢; ¢t; €45 €,,] with
Vi = K, for both decoding stages, ensuring that attention
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Figure 2: Final Lo loss between the original and recon-
structed image, varying attack method and batch size.

can directly “query” route and speed alongside scene con-
text. To stabilize optimization and avoid long-horizon back-
propagation, ¢; = sg(¢p,(My)), and K is built with &;. This
decouples the temporal summarizer from the trajectory gen-
erator, improves batch efficiency.

Dual Decoder for Coarse-to-Local. Two sets of learned
queries drive parallel T-step prediction. The global decoder
attends to K, V; and outputs coarse waypoints W, € RT*2,
It represents route-consistent positions over the next hori-
zon without committing to fine collision-avoidance maneu-
vers. This non-autoregressive output provides a stable scaf-
fold that captures map alignment, heading, and curvature
trends at a modest compute cost. The local decoder then
refines W, by attending to an augmented context that in-
cludes an encoding of W,; it predicts a residual AW and
produces the final trajectory Wy = W, + AW. Condi-
tioning on W, focuses attention on regions near the pro-
posed path to enable the model to make precise lateral ad-
justments and speed modulation for resolving lane changes,
cut-ins, and pedestrian crossings. Therefore, training mini-
mizes the waypoint loss Ly, = 7 Zthl W (t) =W (t)]1
with an optional auxiliary loss on the coarse stage, L =
Ewp + )\c‘ccoarse + AsRsmooth- Ecoarse mirrors Ewp on Wc and
Rsmooth penalizes curvature spikes to encourage steerable,
low-jerk trajectories.

Performance Evaluation

We evaluate the proposed MC2L-Transformer in the
CARLA simulator in comparison to DualAT (Chen et al.
2024) and M2DA (Xu et al. 2024), using the public
datasets (Chitta et al. 2023). The navigation target and ego
speed are embedded into the attention keys and values, and
a K-frame temporal memory provides recent context to
both decoding stages. To probe robustness to environmen-
tal changes, we include day and night scenarios and visual-
ize BEV diagnostics with coarse and refined waypoints, as
shown in Fig. 3.
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(b) Recognition and trajectory planning during night time.

Figure 3: Coarse waypoints (white) and refined path (red)
demonstrate day and night consistency and illumination ro-
bustness of the coarse-to-local model.

Training Loss and Inference Results. Fig. 2 shows the to-
tal loss trajectory during training. DualAT exhibits longer
plateaus, and M2DA shows late epoch oscillations. Com-
pared with DualAT and M2DA, our model converges faster
and to a lower validation loss. The stop-gradient temporal
path further reduces variance and yields a smoother loss
curve and earlier. At test time, the model first predicts coarse
waypoints with a global decoder and then applies resid-
ual refinement to obtain the final trajectory. Fig. 3 overlays
coarse (white) and refined (red) waypoints together with de-
tections. It demonstrates that the refined path remains route-
consistent while handling near-field interactions under both
day and night scenes. Consequently, a non-autoregressive
global predictor with residual local refinement lowers error
accumulation, and decoupled optimization of the temporal
memory improves convergence stability.

Concluding Remarks

This paper proposes MC2L-Transformer, a hierarchical
transformer that fuses multimodal inputs, predicts coarse
waypoints, and applies residual local refinement with a
lightweight temporal module and task-aware conditioning.
It yields lower loss compared to other benchmarks and re-
mains consistent across day and night. Furthermore, this
paper suggests a practical step toward reliable E2E driv-
ing with a realistic simulation in CARLA. In particular,
MC2L-Transformer demonstrates that interpretable inter-
mediate structure and efficient temporal reasoning. This pa-
per indicates that scalable and hierarchical planners can be
integrated into real-world autonomous driving, while pre-
serving robustness to environmental variation.
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