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Abstract

Multimodal sensor fusion architectures such as TransFuser achieve strong waypoint-based
driving performance by fusing RGB panoramas and LiDAR bird’s-eye-view (BEV) rep-
resentations through transformer attention, but their dual backbones and quadratic-cost
fusion blocks preclude deployment on resource-constrained platforms. This work proposes
LightFuser, a hybrid Performer–Transformer fusion architecture that retains multimodal
reasoning at substantially reduced cost. LightFuser halves backbone parameters and FLOPs,
applies Performer attention with FAVOR+ at the early, high-resolution fusion stage to obtain
linear time and memory complexity, and reserves exact Transformer attention for the mid
and late stages, where token counts are small and semantics are richer. A multi-task knowl-
edge distillation framework transfers the decision quality of a high-capacity TransFuser
teacher to the lightweight student, organized as a task-ordered curriculum: supervision
starts with waypoint control and successively adds depth, semantic segmentation, and BEV
objectives. On the CARLA Leaderboard, LightFuser attains a Driving Score of 42.4 (teacher:
47.3) while reducing network latency from 128.4 ms to 67.6 ms per frame. Latency is
measured over network modules only and excludes simulator stepping, sensor acquisition,
preprocessing, and I/O overhead; the resulting 14.8 FPS sustains a 10 Hz control cycle,
meaning near-real-time operation throughout.

Keywords: autonomous driving; sensor fusion; LightFuser; Transformer; Performer; knowl-
edge distillation; curriculum learning; LiDAR; RGB; CARLA; real-time inference

1. Introduction
Recent transformer-based architectures for end-to-end autonomous driving, such as

TransFuser, demonstrate strong performance in multimodal perception and waypoint pre-
diction within simulated environments. By integrating panoramic RGB images and LiDAR
BEV representations via multi-scale attention, TransFuser captures long-range dependen-
cies and cross-modal interactions critical for navigating dense urban scenes. Nevertheless,
several limitations affect its scalability, efficiency, and real-world applicability [1,2].

TransFuser relies on dual RegNetY-3.2GF backbones and multiple transformer-based
fusion blocks whose self-attention scales quadratically with the number of tokens, mak-
ing high-resolution feature fusion particularly expensive [3]. The model has roughly
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165.8 million parameters, performs 34.9 G multiply–accumulate operations, and consumes
about 2.8 GB of GPU memory during inference [4]. Beyond raw compute, it requires strict
temporal alignment of the camera and LiDAR streams. It fuses individual frames without
temporal integration, reducing robustness in dynamic scenes where temporal context helps
handle occlusions, sensor noise, and rapidly changing traffic [2,5,6].

These limitations expose the trade-off at the core of TransFuser’s design: rich scene
understanding through hierarchical fusion comes at the cost of computational complexity
and operational fragility.

Building on this diagnosis, the present work introduces LightFuser, a hybrid
Performer–Transformer fusion architecture designed to overcome the performance con-
straints observed in TransFuser. Four main principles guide the design. First, both RGB
and LiDAR streams are processed by lighter backbones, reducing model complexity and
enabling faster inference than the baseline’s heavier networks. Specifically, RegNetY-3.2GF
encoders are replaced with RegNetY-1.6GF encoders, halving the parameter count and
per-stream computational cost [7].

Second, multi-scale fusion integrates modality-specific features at the early, mid, and
late stages of the backbone. Because standard attention is prohibitively expensive on
high-resolution feature maps, the early stage uses Performer attention, whose FAVOR+
kernel approximation reduces self-attention’s quadratic complexity to linear time and
memory [3,8]. Exploratory experiments with a Performer-only pipeline, however, showed
that the approximation sacrifices the fine-grained semantic–geometric correspondences
needed for downstream control; full Transformer attention is therefore retained at the mid
and late stages, where token counts are small enough for exact attention to be affordable.

Third, independent decoders for control, perception, and detection ensure task mod-
ularity. Finally, a comprehensive multi-task knowledge distillation framework serves as
the central design principle: a high-capacity TransFuser teacher supervises the student at
both the feature and task levels, with distillation weights increased progressively during
the early epochs to ensure stable convergence [9,10].

The study is guided by two research questions (RQ) that structure both the design of
the architecture and its evaluation:

• RQ1: Can a transformer-based multimodal fusion model be compressed to near-real-
time performance without catastrophic loss of driving competence?

• RQ2: What training regime makes lightweight multi-task student networks converge
stably?

The first question targets the architectural side of the accuracy–efficiency trade-off:
whether the components responsible for TransFuser’s driving competence can be retained
while its dominant cost centers—heavy dual backbones and quadratic attention at high
resolution—are removed or replaced. The second question addresses the optimization
side: students trained on many simultaneous objectives with reduced capacity are prone to
non-convergence or oscillation, so the schedule for introducing supervised and distillation
signals becomes a first-class design decision rather than an implementation detail. The
curriculum-based knowledge distillation regime developed in response to this question
constitutes the core contribution of this article.

The main contributions of this work can be summarized as follows:

• A component-level computational analysis of the TransFuser baseline that identifies
the dual RegNetY-3.2GF encoders and high-resolution self-attention as the dominant
latency and memory bottlenecks;

• LightFuser, a compact dual-stream architecture that combines RegNetY-1.6GF encoders
with a scale-aware hybrid Performer–Transformer fusion scheme;
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• A curriculum-based multi-task knowledge distillation regime that introduces teacher
supervision in a task-ordered, progressively weighted schedule, which the ablation
shows to be necessary rather than merely helpful for the convergence of the compact
student when set against no distillation and against undifferentiated distillation from
the first epoch;

• A closed-loop evaluation on the CARLA Leaderboard, complemented by component-
level latency profiling and an ablation of distillation regimes, that quantifies the
accuracy–efficiency trade-off.

The remainder of this article is organized as follows. Section 2 reviews related work
on multimodal fusion, efficient attention, and knowledge distillation. Section 3 analyzes
the computational bottlenecks of the TransFuser baseline and presents the LightFuser
architecture. Section 4 develops the curriculum knowledge distillation framework. Section 5
describes the dataset, training setup, and evaluation methodology, and Section 6 reports
driving-performance, distillation, and efficiency results. Sections 7–9 discuss the findings
with respect to the research questions, state the limitations, and conclude.

Taken together, the principal novelty of this work lies neither in the hybrid fusion
scheme nor in the distillation curriculum in isolation, but in their integration: the scale-
aware fusion design is what makes the compression affordable, and the task-ordered
curriculum is what makes the compressed student trainable at all. Of the two, the curricu-
lum is the load-bearing element, since Section 6.2 shows that the reduced architecture does
not reach a usable driving policy without it.

2. Related Work
2.1. Multimodal Sensor Fusion for End-to-End Driving

End-to-end autonomous driving has increasingly shifted toward multimodal fusion
architectures that jointly exploit complementary sensor streams, such as RGB panoramas
and LiDAR bird’s-eye-view (BEV) representations. Among these architectures, TransFuser
has emerged as a strong baseline for closed-loop control in simulated urban environments,
thanks to its ability to integrate image and LiDAR features through transformer-based
attention mechanisms [2,11].

TransFuser employs dual RegNetY-3.2GF encoders, one per modality. It combines their
multi-scale feature hierarchies via a stack of transformer fusion blocks, capturing long-range
dependencies and rich cross-modal relationships that yield robust waypoint prediction.
The price is computational: the heavy backbones and repeated attention operations restrict
deployment on real-time or resource-constrained platforms and make large-scale training
time-consuming on commodity hardware [2,7]. The model further requires strict temporal
synchronization of its sensor streams and fuses single frames without explicit temporal
modeling, which limits robustness in highly dynamic scenes [5,6].

TransFuser is not the only representative of learned RGB–LiDAR fusion. Continuous
fusion approaches, such as the ContFuse project, fuse image features into the bird’s-eye-
view plane via continuous convolutions [12]. Meanwhile, BEVFusion unifies camera
and LiDAR streams into a shared BEV representation that supports multiple perception
tasks [13]. In end-to-end driving, privileged-agent frameworks such as Learning by Cheat-
ing decouple perception from control by first training an expert with access to ground-truth
state and then imitating it with a sensorimotor student [14]. These lines of work consis-
tently show that attention-guided or BEV-centric interaction between visual semantics
and LiDAR geometry improves driving-relevant perception; equally consistently, they rely
on deep backbones and repeated cross-modal operations whose cost grows with feature
resolution. Efficiency-oriented redesign of such fusion architectures, the focus of this article,
has received comparatively little attention.
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Driving performance on the CARLA benchmark has advanced considerably since
TransFuser was introduced. InterFuser places an interpretable safety layer over multi-view
fusion [15], ReasonNet augments fusion with temporal and global reasoning [16], TCP
shows that a carefully regularized trajectory-guided controller is a strong baseline in its
own right [17], and TransFuser++ demonstrates that a substantial part of the remaining
headroom lies in training-time biases rather than in architecture [18]. Planning-oriented
and vectorized designs such as UniAD [19] and VAD [20] go further and restructure the
entire perception–prediction–planning stack. This article deliberately does not compete
with those systems on absolute Driving Score. Its subject is the accuracy–efficiency trade-off
itself, and TransFuser is used precisely because it is a well-documented, openly available,
and widely reproduced fusion baseline: that makes the compression result interpretable as
a controlled teacher–student comparison rather than as a position in a benchmark ranking.
The two mechanisms studied here—resolution-dependent attention budgeting and task-
ordered distillation—are properties of multi-scale fusion stacks in general, and the more
recent architectures cited above share that structure.

2.2. Efficient Attention Mechanisms

These constraints have motivated research on more efficient attention mechanisms
and fusion strategies. Standard multi-head self-attention, as used in Transformers, scales
quadratically with the number of tokens, making it expensive for high-resolution feature
maps typical of early backbone stages. To address this, researchers have proposed efficient
attention variants such as Performer. Performer replaces exact softmax attention with
a kernel-based approximation, FAVOR+, that re-expresses attention as a series of inner
products in a randomized feature space. This reformulation reduces time and memory
complexity from quadratic to linear in sequence length, enabling attention over large token
sets without exhausting computational resources. In the context of multimodal fusion,
Performer-style attention is particularly attractive at early stages, when spatial feature
maps are dense and token counts are high [3,8].

However, empirical studies suggest that efficiency alone is not sufficient. While
Performer-based fusion excels at reducing cost, a pure Performer pipeline can struggle
to capture fine-grained semantic–geometric correspondences, particularly in the mid and
late-backbone stages, where representations are more abstract yet decision-critical. In these
deeper layers, the number of tokens is smaller, and the computational cost of standard
Transformer attention becomes more manageable. In contrast, its exact attention formula-
tion often yields more precise cross-modal reasoning. This has led to hybrid designs that
combine Performer attention at early, high-resolution stages with full Transformer attention
at later, semantically richer stages [3,8]. Beyond attention approximation, the broader liter-
ature on efficient deep learning offers complementary levers, e.g., compact network design
spaces [7], structured pruning, quantization, and operator-level optimization [21], and sys-
tematic surveys of efficient transformer variants document the accuracy–cost trade-offs of
linearized attention in detail [22]. LightFuser draws on this body of work by treating attention
complexity as a resolution-dependent budget rather than a global architectural constant.

2.3. Knowledge Distillation and Curriculum Learning

In parallel, knowledge distillation has become a central technique for compressing
large models: a smaller student is trained not only on ground-truth labels but also to mimic
the intermediate representations and final predictions of a high-capacity teacher, inheriting
much of its representational richness at a fraction of the inference cost [9]. In autonomous
driving, such supervision can act at the feature level, aligning intermediate activations
across scales and modalities, and at the task level, distilling predictions for waypoints,
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occupancy, semantics, and depth. This enables competitive end-to-end driving models
under real-time and memory constraints [9,10].

Two further strands of the distillation literature are directly relevant to this work.
First, feature-level distillation in the tradition of FitNets shows that aligning intermediate
representations—not only output logits—substantially improves the trainability of thin
students, because the teacher’s hidden layers act as hints that shape the student’s internal
feature hierarchy [23]; comprehensive surveys categorize such response-, feature-, and
relation-based transfer schemes and their scheduling variants [24]. Second, the difficulty
of balancing many simultaneous objectives is well documented in multi-task learning,
where naive uniform weighting can let one task dominate the gradient signal; principled
remedies range from uncertainty-based loss weighting [25] to curriculum learning, which
orders training signals from simple to complex to improve convergence and the quality
of the reached optima [10]. What has remained largely unexplored is the combination of
these ideas in the multimodal end-to-end driving setting: a reduced-capacity student that
must simultaneously absorb control, semantic, geometric, and occupancy knowledge from
a large fusion teacher. The curriculum knowledge distillation framework presented in
Section 4 precisely addresses this gap, treating the temporal ordering of distillation signals
as the decisive stabilizing mechanism.

3. Methodology
3.1. Computational Bottleneck Analysis of the TransFuser Baseline

The design of LightFuser is profiling-driven: before any architectural decision was
made, the TransFuser baseline was instrumented, and its inference pipeline was decom-
posed into an image backbone, a LiDAR backbone, fusion, a decoder, and an output head.
On the reference platform used throughout this study (NVIDIA RTX 2080, 8 GB; NVIDIA
Corporation, Santa Clara, CA, USA), the baseline spends a median of 46.0 ms per frame
in the image backbone, 44.9 ms in the LiDAR backbone, and 34.1 ms in the attention-
based fusion stage, for a total network latency of 128.4 ms per frame—approximately
7.8 frames per second. The decoder and output head together contribute less than 3 ms.
Three observations follow directly from this profile.

First, the two modality-specific encoders dominate the budget: the dual RegNetY-
3.2GF backbones account for roughly 71% of network latency and for 38.8 million of the
model’s approximately 165.8 million parameters. Any compression strategy that leaves the
encoders untouched can therefore recover at most a modest fraction of the total cost. Second,
the fusion stage—although smaller in absolute terms—scales worst: its self-attention
operations grow quadratically with token count, so the early, high-resolution fusion blocks
are disproportionately expensive relative to the semantic value they add. Third, the
remaining components are already negligible, meaning decoder-side optimizations would
be a waste of effort. This analysis fixes the two levers exploited in the remainder of this
section—lighter encoders and resolution-aware attention—and explains why compression
must be paired with a knowledge-transfer mechanism: the encoders that must shrink are
precisely the components that carry the representational capacity responsible for TransFuser’s
driving competence.

3.2. Architecture Overview

LightFuser follows the dual-stream layout of TransFuser, with separate branches for
RGB panoramas and LiDAR BEV representations, but replaces the computationally inten-
sive components with more efficient alternatives [1,2]. Synchronized inputs are encoded
by two parallel RegNetY-1.6GF backbones that produce multi-scale feature pyramids. At
selected depths, hybrid fusion modules integrate the two streams: Performer attention
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at the high-resolution early stage and standard Transformer attention at the mid and
late stages, where spatial resolution is reduced and semantics are richer [3,8]. The fused
representation is routed to task-specific decoders—convolutional decoders for semantic
segmentation, depth estimation, and BEV map reconstruction, and a control decoder that
combines multi-layer perceptrons (MLPs) with a gated recurrent unit (GRU) to generate
future waypoints conditioned on the navigation goal [26].

During training, LightFuser acts as a student supervised by a high-capacity Trans-
Fuser teacher whose intermediate features and predictions are aligned with the student
through a structured set of distillation losses (Section 4). Every component thus targets
one of the bottlenecks identified in Section 3.1: lighter encoders reduce feature-extraction
cost, resolution-aware attention limits fusion overhead, modular decoders allow targeted
optimization for each task, and distillation bridges the capacity gap to the teacher model.
The overall architecture is illustrated in Figure 1.

 

Figure 1. LightFuser architecture at inference time. The diagram shows the deployed student network
only. In a later Section, Figure 3 shows the training-time teacher–student supervision paths, including
where each distillation signal is injected.

3.3. Backbone Design

A key design decision in LightFuser is to use RegNetY-1.6GF as the backbone for
both RGB and LiDAR streams. In contrast to the RegNetY-3.2GF backbones used in
TransFuser, RegNetY-1.6GF models are significantly lighter yet retain strong feature-
extraction capabilities [7].

Quantitatively, each RegNetY-3.2GF encoder contains around 19.4 million parameters
and requires approximately 3.2 GFLOPs per forward pass. With two such backbones (one per
modality), the encoder portion of TransFuser has about 38.8 million parameters and requires
6.4 GFLOPs. By comparison, RegNetY-1.6GF contains approximately 11.2 million parameters
and 1.6 GFLOPs per stream. Using two of these reduces the total backbone parameters to
about 22.4 million, a 42% decrease, and halves the per-stream computational cost [2,7].

These savings free up computational and memory headroom for the hybrid fusion
modules and the multiple task-specific decoders, translating directly into lower inference
latency and reduced GPU memory usage. Despite the reduction, RegNetY-1.6GF retains
sufficient representational capacity for the downstream tasks, particularly when reinforced
by knowledge distillation from a stronger teacher. Table 1 summarizes the comparison.
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Table 1. Comparison of backbone configurations used in TransFuser and LightFuser.

Backbone Parameters
per Stream

Total Parameters
(2 Streams)

Approx.
FLOPs

Relative
Memory Usage

RegNetY-3.2GF 19.4 M 38.8 M 3.2 GF High

RegNetY-1.6GF 11.2 M 22.4 M 1.6 GF Moderate

3.4. Hybrid Fusion Modules

The fusion mechanism balances computational efficiency against cross-modal expres-
siveness by adapting the attention type to the spatial scale. At the early stage, feature
maps are large and token counts high, so exact self-attention would be prohibitively ex-
pensive; LightFuser instead applies Performer attention, whose FAVOR+ approximation
keeps time and memory linear in the sequence length [3]. At the mid and late stages,
resolution has decreased sufficiently for standard multi-head attention to be affordable. Its
exact computation provides the more precise cross-modal reasoning required for object
interaction, lane-level navigation, and the control and BEV heads that consume the deepest,
semantically richest features [8].

Each fusion module follows the same pattern: modality-specific features are projected
into a shared embedding space, tokenized and concatenated, processed by the stage-specific
attention mechanism, and reshaped back into spatial maps, which are reinjected into both
streams through residual connections.

Empirically, a pure Transformer pipeline exceeds acceptable compute and memory
limits at the early stage, while a pure Performer pipeline loses the most nuanced relation-
ships at deeper levels; the hybrid configuration is faster than the former and more accurate
than the latter. The multi-scale fusion workflow is summarized in Figure 2.

 

Figure 2. Multi-scale hybrid fusion flow.

Figure 2 annotates each fusion stage with the shape of the feature maps entering it,
written as height × width × channels. The three fusion points correspond to the second,
third, and fourth stages of the RegNetY-1.6GF encoders, whose channel widths are 120, 336,
and 888. For the 160 × 704 RGB panorama the image branch therefore contributes maps
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of 20 × 88 × 120, 10 × 44 × 336, and 5 × 22 × 888; for the 256 × 256 BEV grid the LiDAR
branch contributes 32 × 32 × 120, 16 × 16 × 336, and 8 × 8 × 888. The token count per
modality accordingly falls from 1760 to 110 in the image branch and from 1024 to 64 in the
BEV branch across the three stages. This is precisely why exact attention is affordable at the
mid and late stages but not at the early one: the quadratic term is evaluated on 110 and
64 tokens rather than on 1760 and 1024.

3.5. Input Representations

LightFuser retains TransFuser’s input interface, so that performance differences are
attributable to the architecture rather than the data. Three synchronized camera views
are stitched and resized into 160 × 704-pixel RGB panoramas, and LiDAR sweeps are
projected into 256 × 256 BEV grids encoding occupancy and height, with increased vertical
resolution in the height channel to better separate obstacles of similar height. Photometric
augmentation is restricted to brightness and contrast jitter and is applied at a reduced
magnitude relative to the TransFuser default, since strong illumination shifts were observed
to disrupt early-stage cross-modal attention alignment. Geometric transformations are
applied identically to every modality of a frame, so that RGB, depth, semantics, and BEV
remain registered, and the normalization statistics of both modalities are recalibrated to the
expectations of the RegNetY-1.6GF backbones.

4. Curriculum Knowledge Distillation
This section develops the article’s core contribution: a curriculum-based multi-task

knowledge distillation framework that transfers the predictive power of the high-capacity
TransFuser teacher to the lighter student [9]. The framework is motivated by RQ2. The
compression described in Section 3 removes so much capacity that, as the ablation in
Section 6.2 shows, the student cannot recover a usable driving policy from ground-truth
supervision alone. At the same time, naively distilling all teacher signals from the first
epoch destabilizes optimization. The proposed approach has three components: distillation
at two representational levels (Section 4.1), a task-ordered curriculum that governs when
each distillation signal is introduced (Section 4.2), and implementation measures that make
teacher supervision affordable in memory (Section 4.3).

4.1. Feature-Level and Task-Level Distillation

In LightFuser, knowledge distillation is treated as a primary design tool rather than
an optional regularizer. The teacher is a TransFuser model with RegNetY-3.2GF backbones;
the student is LightFuser with RegNetY-1.6GF encoders and hybrid fusion. Following
the standard paradigm, the student learns not only from ground-truth labels but also
by matching the teacher’s intermediate representations and final predictions [9], thereby
enabling supervision at two complementary levels.

At the feature level, intermediate feature maps of teacher and student are aligned
across multiple scales, encouraging the student’s backbone to encode RGB and LiDAR
inputs into a latent space that mirrors the teacher’s semantic and geometric structure, in
the spirit of hint-based distillation [23]. Formally, the feature-alignment loss is

Lfeat = ∑
s∈S

∥ φs

(︂
FS

s

)︂
− FT

s ∥
2

(1)

where S is the set of distillation scales (selected stages of the RGB and LiDAR backbones
together with the fused latent representation), FS

s and FT
s denote the student and teacher

feature maps at scale s, and φs is a lightweight projection (a 1 × 1 convolution with,
where necessary, spatial interpolation) that maps student features to the teacher’s chan-
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nel and spatial dimensions. The projections absorb the architectural mismatch between
RegNetY-1.6GF and RegNetY-3.2GF feature hierarchies, so that the alignment penalizes
representational—not dimensional—disagreement.

At the task level, the student matches the teacher’s output heads: future trajectory
waypoints for anticipatory control, BEV occupancy maps capturing road, lane, and obstacle
layout, semantic segmentation, and dense depth estimates. In addition, the fused multi-
modal representation obtained by combining RGB and LiDAR features is aligned across
the teacher and student models, encouraging a similar cross-modal reasoning process that
bridges perception and decision-making.

4.2. Task-Ordered Curriculum Schedule

To maintain training stability, especially given the multi-task nature of distillation,
LightFuser controls not only how strongly each distillation signal acts on the student but
also when it does so. Writing T = {waypoints, segmentation, depth, BEV} for the task set,
the total objective at training epoch e is

Ltotal = ∑
t∈T

λtL
sup
t + ∑

t∈T
γt(e)LKD

t + γfeat(e)Lfeat (2)

where λt are fixed task weights, the supervised losses Lsup
t follow the task-specific choices

detailed in Section 5.2 (Smooth L1 for waypoints and depth, weighted cross-entropy for
segmentation, and a CenterNet-style composite loss for BEV detection), and the distilla-
tion losses LKD

t use regression penalties for continuous outputs (waypoints, depth) and
divergence-based penalties for probabilistic outputs (segmentation, BEV occupancy). The
decisive elements are the epoch-dependent coefficients γt(e), which implement the curricu-
lum as a task-ordered linear ramp:

γt(e) = γt · min
(︃

1, max
(︃

0,
e − e0

t
Tr

)︃)︃
(3)

where γt is the target weight of task t, e0
t is its activation epoch, and Tr is the ramp

length. In all experiments Tr spans ten epochs of a thirty-epoch budget, and the activation
epochs are e0

t = 0 for waypoints, 10 for depth, and 20 for semantic segmentation and BEV
occupancy, so that each signal reaches its target weight before the next one is introduced;
the two transitions are also visualized and marked in the results Figure, which is shown in
Section 6. The same schedule governs γfeat(e). Ground-truth supervision is active from the
first epoch throughout.

The task ordering encoded in the activation epochs e0
t is deliberate. Distillation begins

with the waypoint head alone: the control trajectory is the lowest-dimensional and least-
noisy target, and it aligns directly with the primary supervised objective, so early teacher
guidance on waypoints accelerates rather than perturbs the optimization. The dense auxil-
iary signals are introduced progressively in later epochs, beginning with depth—a single-
channel, continuous target whose gradients are comparatively well conditioned—and fol-
lowed by the categorical and class-imbalanced semantic segmentation and BEV-occupancy
objectives, because dense prediction targets are highly sensitive to the noisy, poorly formed
student features of early training and, if imposed too early, dominate the gradient signal
at the expense of the driving objective. This simple-to-complex ordering follows the ratio-
nale of curriculum learning [10] and mirrors the observation in multi-task learning that
unbalanced loss magnitudes allow individual tasks to dominate the optimization [25].

The schedule follows from this ordering principle rather than from a search over
activation epochs and target weights: the ablation in Section 6.2 compares it against its
two natural alternatives—no distillation, and undifferentiated distillation from the first
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epoch—rather than against a grid of schedules. A systematic sensitivity analysis over the
curriculum hyperparameters was outside the scope of this study and is identified as future
work in Section 9.

The resulting schedule allows the student to first establish a stable feature-extraction
pipeline under direct supervision, then absorb the teacher’s control behavior, and only af-
terwards refine its dense perceptual representations under full teacher guidance; Section 6.2
compares this schedule with its two natural alternatives.

4.3. Implementation and Memory Optimization

Distillation doubles the number of networks that must reside on the GPU during train-
ing, so its memory footprint must be engineered accordingly. The teacher remains frozen
throughout; all teacher–student comparisons are performed only after ensuring spatial and
dimensional compatibility between the corresponding feature maps and outputs, using the
projections in Equation (1). Memory usage during distillation is further reduced by storing
teacher activations in half-precision while accumulating student weights in full precision,
which nearly halves memory consumption without compromising convergence—a direct
application of mixed-precision training practice [27]. Finally, all architectural, fusion,
and distillation hyperparameters, including the activation epochs and target weights in
Equation (3), are consolidated into a single configuration file, making the curriculum re-
producible and simplifying systematic tuning. The overall teacher–student distillation
workflow is shown in Figure 3.

 

Figure 3. Knowledge-distillation workflow between the TransFuser teacher and the LightFuser student.
Dashed lines represent intermediate representations, solid lines final predictions (KD = Knowledge
Distillation; BEV = Bird’s Eye View; GRU = Gated Recurrent Unit).

5. Experiments
5.1. Dataset and Data Generation

The experimental evaluation of the proposed hybrid Performer–Transformer fusion
model is based on a dataset generated in the CARLA Leaderboard framework [5,6]. Data
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collection is performed with a privileged agent, similar in spirit to the “cheating” policy
introduced in prior work, which has full access to ground-truth information about the map
layout and all dynamic actors. This agent is used only for supervision and data generation,
not at test time, ensuring that training labels are accurate and reproducible [6,28].

Data collection covers towns 1–6 and uses a set of routes that is disjoint from the
Longest6 routes on which the models are evaluated (Section 5.3): no evaluation route is
driven during data generation. The towns are shared between the two sets, as is stan-
dard practice for the Longest6 benchmark, so the evaluation measures generalization to
unseen routes, traffic configurations, and weather within seen towns rather than to un-
seen towns. The collected routes are of comparable length, approximately 1.5 km each,
and expose the model to a wide range of road geometries and traffic patterns. Weather
and illumination are randomized over clear, rainy, foggy, daytime, and nighttime condi-
tions, mirroring the diversity in the official benchmark and encouraging robustness to
environmental variability [6].

To simplify learning while retaining task-relevant structure, the original 28 semantic
labels available in CARLA are compressed into a 7-class semantic map. Static, non-critical
categories (e.g., buildings, fences, and vegetation) are grouped into a generic background
class. In contrast, key driving elements—road surface, sidewalks, lane markings, pedestri-
ans, vehicles, and traffic lights—are preserved as separate classes. This mapping reduces
class imbalance and highlights decision-relevant entities [5].

The mapping from the original 28 CARLA semantic classes to the seven task-oriented
training categories is summarized in Table 2. This reduced taxonomy preserves the classes
most relevant to autonomous-driving decisions while limiting class imbalance and unnec-
essary semantic complexity.

Table 2. Mapping of CARLA semantic classes into the seven training categories.

ID Class CARLA Labels Rationale

0 Unlabeled Building, fence, vegetation, wall, etc. Reduces class imbalance by removing
non-critical entities.

1 Vehicle Car, truck, bus, motorcycle, bicycle Primary dynamic obstacles for collision avoidance.

2 Road Road Defines the primary drivable surface.

3 Red light Traffic light (red/yellow phase) Critical control signals requiring a stop.

4 Pedestrian Pedestrian High-priority vulnerable road users.

5 Road line Lane marking, stop line Guides lateral control and lane discipline.

6 Sidewalk Sidewalk Defines non-drivable boundaries.

At each step along a route, the privileged agent executes a safe control command
based on full environment knowledge while triggering synchronized logging of all sensor
streams (RGB, LiDAR, depth) and recording ground-truth labels for semantics, depth,
occupancy, and future waypoints. Every frame is thus paired with consistent annotations
across modalities, and the modular pipeline accommodates new towns, routes, or sensors
with minimal changes.

A preprocessing stage converts the raw simulator outputs into standardized tensors:
large modalities, such as LiDAR sweeps, are serialized into compressed arrays for efficient
storage and loading; RGB images are normalized; and depth values are clipped to mitigate
outliers. Geometric transformations are applied consistently across all modalities within
a frame to preserve alignment among RGB, depth, semantics, and BEV. Temporally syn-
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chronized samples are then grouped into mini-batches for GPU training. The overall data
generation process is illustrated in Figure 4.

 

Figure 4. Overview of the data generation process in CARLA.

Table 3 summarizes the sensor modalities, preprocessing steps, and corresponding
supervisory roles. Combining RGB, depth, semantic, LiDAR/BEV, and control signals
enables the model to jointly learn visual understanding, geometric reasoning, and end-to-
end driving behavior.

Table 3. Dataset modalities and their respective roles in training.

Modality Data Type Role in Training

RGB Panoramas Visual frames Scene understanding, traffic light state, lane perception.
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Table 3. Cont.

Modality Data Type Role in Training

Depth Maps Per-pixel distance Geometric structure, obstacle distance estimation.

Semantic Segmentation 7-class label maps Pixel-level scene parsing for context.

LiDAR Point Clouds 3D geometric sweeps Direct 3D structure input for detection.

LiDAR BEV 2D occupancy maps Road layout and free-space estimation.

Waypoints Navigation targets Supervision for control prediction.

Vehicle Measurements Velocity, steering Ground truth for imitation learning dynamics.

5.2. Training Setup

The training procedure for LightFuser combines multi-task supervised learning with
knowledge distillation, under an optimization scheme designed for stability and efficiency.

The overall training objective is the weighted sum of task-specific losses given in
Equation (2), encouraging the model to learn control, scene understanding, and spatial
reasoning jointly. Waypoint prediction uses a Smooth L1 (Huber) loss against the privileged
agent’s trajectories, penalizing deviations while remaining robust to outliers; the same loss
family also supervises dense depth estimation. Semantic segmentation uses a weighted
cross-entropy loss whose per-class weights prioritize safety-critical categories—pedestrians
(2.5) and vehicles (2.0)—with 0.5 for the background class. BEV supervision follows
a CenterNet-style composite objective [29] that locates object centers in the BEV grid and
regresses their size, orientation, and velocity, together with the vehicle’s future braking
intent [29,30]. The distillation terms of Section 4 complement this ground-truth supervision
across all heads.

Training uses the Adam optimizer, which is well suited to multi-task settings where
gradient magnitudes vary across heads. The base learning rate is set to 1 × 10−4 and
follows a cosine annealing schedule, gradually decaying over the 30 training epochs to
promote smooth convergence [31].

Gradient clipping with a maximum norm of 5 protects against occasional large updates
from outliers or strong distillation signals. Training runs in mixed precision (FP16/FP32)
with dynamic loss scaling, thereby reducing the memory footprint and accelerating compu-
tation without sacrificing numerical stability [27].

A curriculum schedule controls the influence of knowledge distillation, following Equa-
tion (3) in Section 4.2: distillation weights start near zero, are activated first for the waypoint
head, and increase linearly over the first 10 of 30 epochs before saturating, so that the student
establishes a stable supervised solution before absorbing the teacher’s guidance [10].

In each iteration, the frozen teacher processes the same synchronized mini-batch as the
student, the composite objective of Equation (2) is evaluated with the current curriculum
weights, and backpropagation updates only the student. Performance on a held-out
validation set is monitored periodically, and the checkpoint with the best driving metrics is
retained for testing.

5.3. Evaluation Methodology

All experiments are conducted in the CARLA Leaderboard environment, whose routes
span multiple towns with diverse layouts and are evaluated under varying weather and
illumination, from clear daytime to rain, fog, and night. For a fair comparison, all agents use
the same sensor suite (panoramic RGB and LiDAR BEV) and run on a single workstation
with an NVIDIA RTX 2080 (8 GB) under a controlled software environment, with fixed
random seeds and deterministic simulation settings to minimize variance.
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Driving quality is quantified using the official CARLA Leaderboard metrics [6]: Route
Completion (RC), the percentage of the route distance actually traversed; the Infraction
Score (IS), a multiplicative penalty that starts at 1.0 and is reduced for each collision or traffic
violation; and the Driving Score (DS), the product of RC and IS per route averaged across
routes, which jointly rewards progress and safety. Infractions are additionally summarized
as counts per kilometer,

I/km =
∑i Infractionsi

∑i ki
,

where ki is the distance driven in kilometers along route i. This normalizes events such as
collisions, off-road episodes, and red-light violations by distance, yielding a fair comparison
even when route lengths differ.

Complementary statistics (e.g., lane-invasion rate, off-road percentage, timeouts) are
reported to highlight specific error modes that aggregate metrics might obscure.

Evaluation uses the Longest6 benchmark of the CARLA Leaderboard: for each of
towns 1–6 the six longest predefined routes are selected, giving N = 36 routes of approx-
imately 1.5 km each. Each route is driven once per agent under fixed random seeds
and deterministic simulator stepping, and the aggregate metrics are means over routes.
The ± values reported in Table 4 are accordingly standard deviations over these 36 routes
for a single trained model per method. They quantify route-to-route variability, that is, the
spread between easier and harder routes, and not variability across random seeds or across
independent training runs; neither the training nor the evaluation was repeated for this
study. The intervals should therefore not be read as confidence intervals on the difference
between LightFuser and its teacher, and no claim of statistical significance is attached to
that difference. Establishing one would require several independent trainings per configu-
ration, which exceeded the compute budget available here and is noted in Section 8. The
Late Fusion, Geometric Fusion, and TransFuser rows of Table 4 are reproduced from [2,6]
with the dispersion published there; we have not verified that the underlying convention
matches ours, so those intervals are comparable in magnitude but not necessarily identical
in definition to the LightFuser row.

Table 4. Driving performance comparison on the CARLA Leaderboard benchmark.

Method DS↑ RC↑ IS↑ Ped↓ Veh↓ Red↓
Late Fusion (LF) [2] 22.47 ± 3.71 83.30 ± 3.04 0.27 ± 0.04 0.05 4.63 0.11
Geometric Fusion (GF) [2] 27.32 ± 0.80 91.13 ± 0.95 0.30 ± 0.01 0.06 4.64 0.13
TransFuser [2,6] 47.30 ± 5.72 93.38 ± 1.20 0.50 ± 0.06 0.03 2.45 0.16
LightFuser (Proposed) 42.40 ± 5.10 90.90 ± 1.30 0.45 ± 0.07 0.04 2.58 0.17

Note: DS = Driving Score; RC = Route Completion; IS = Infraction Score; Ped = pedestrian infractions;
Veh = vehicle infractions; Red = red-light infractions. Arrows indicate whether higher (↑) or lower (↓)
values are preferable. Values are mean ± standard deviation over the N = 36 Longest6 evaluation
routes for a single trained model per method; the dispersion is route-to-route and does not cover
variability across seeds or independent training runs (Section 5.3). The infraction columns are per-
kilometer rates aggregated over all routes and carry no dispersion. The LF, GF, and TransFuser rows
are reproduced from [2,6].

Because efficiency is central to LightFuser’s design, each agent’s inference pipeline
is profiled per component—image backbone, LiDAR backbone, attention-based fusion,
decoder, and output head—reporting the median latency and interquartile range per frame.
The measurement covers network modules only and therefore excludes simulator stepping,
sensor acquisition, preprocessing, and I/O overhead. The reported frame rate is conse-
quently an upper bound on what a deployed pipeline could achieve, not a measurement of
the deployed system itself. Peak GPU memory usage and parameter counts complete the
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computational profile. Summing the per-component times yields the total network latency
per frame and thus the model-only frame rate, a practical measure of compatibility with
real-time control loops.

6. Results
6.1. Driving Performance

Driving performance is compared against Late Fusion (LF) and Geometric Fusion (GF),
two simpler fusion strategies from the TransFuser benchmark, and against the TransFuser
teacher itself [2,6]; Table 4 summarizes the results. The simple baselines reach Driving
Scores only in the low-to-mid twenties, reflecting limited competence in complex scenarios.
TransFuser attains a Driving Score of 47.3 with Route Completion above 93%, confirming
its strength as a teacher [2,28]. LightFuser reaches a Driving Score of 42.4 at 90.9% Route
Completion, clearly outperforming the simpler baselines and narrowing the gap to the
teacher at a fraction of the computational cost. The infraction breakdown shows pedestrian
collisions as rare as the teacher’s, while vehicle collisions and red-light violations are
slightly more frequent, consistent with the lower Driving Score.

6.2. Distillation Effects

When the student is trained only with supervised losses (without KD), optimization
fails to produce a usable driving policy: even after 30 epochs, the agent struggles to follow
routes, often spinning or getting stuck, and its auxiliary outputs (semantics, depth, BEV)
remain noisy and incoherent. This indicates that the reduced-capacity architecture cannot,
on its own, discover a sufficiently rich solution from the available supervision.

At the opposite extreme, enabling all KD losses from the very start of training leads to
unstable behavior. Strong teacher guidance overwhelms the small student: the training loss
exhibits pronounced oscillations, and the model fails to converge to a stable driving policy.

To resolve this, the task-ordered curriculum of Section 4.2 is adopted: distillation
weights are increased gradually over the first third of training, beginning with the control
waypoints alone, while the auxiliary targets (depth, semantics, and BEV occupancy) are
introduced progressively in later epochs. The two vertical markers in Figure 5 indicate
the epochs at which the depth (epoch 10) and the semantic and BEV occupancy (epoch 20)
distillation terms are activated. Figure 5 illustrates the three resulting convergence regimes:
without distillation, the objective remains flat; with full distillation from the first epoch, it
oscillates; and under the curriculum, it decreases smoothly and monotonically within the
30-epoch budget.

Two properties of that figure should be stated explicitly. Its ordinate is the total
training objective of each regime, normalized to a common relative scale: the three regimes
optimize different objectives—supervised losses only, supervised losses plus all distillation
terms, and supervised losses plus a time-varying subset of them—so their loss values do
not share an absolute scale, and only the shape of each curve is informative. The curves
were produced from the training runs reported here, but the underlying loss logs were not
archived with the results and can no longer be recovered. Figure 5 is therefore presented as
a qualitative record of the convergence behavior observed rather than as a quantitative loss
trace; each regime is shown for a single run at a fixed seed, and no variability across seeds
is depicted.

The progressive introduction of distillation losses prevents the strong teacher signals
from dominating early optimization, allowing the student to establish stable task-specific
representations before incorporating higher-level multimodal knowledge. Table 5 summa-
rizes the three regimes and their outcomes.
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Figure 5. Indicative convergence behavior under different knowledge-distillation strategies. The
ordinate is the total training objective of each regime, normalized to a common relative scale; absolute
values are not comparable across the three curves, because the regimes optimize different objectives.
The curves were produced from the training runs reported here, but the underlying loss logs were
not archived and cannot be recovered, so the figure is a qualitative record of the three convergence
behaviors rather than a quantitative loss trace, and each regime is shown for a single run at a fixed
seed. The vertical markers denote the curriculum activation epochs: the depth distillation term is
activated at epoch 10 and the semantic segmentation and BEV occupancy terms at epoch 20; the
waypoint term is active from epoch 0.

Table 5. Convergence behavior and final driving performance under the three distillation regimes.

Distillation Regime Convergence Behavior DS↑ RC↑ IS↑

No KD (supervised only) Flat, non-convergent; no usable
driving policy after 30 epochs — — —

Full KD from epoch 1 Oscillatory, unstable loss; fails to
reach a stable policy — — —

Curriculum KD
(task-ordered, proposed)

Smooth, monotonic convergence
within 30 epochs 42.4 ± 5.1 90.9 ± 1.3 0.45 ± 0.07

Note: DS = Driving Score; RC = Route Completion; IS = Infraction Score. Arrows indicate higher (↑)
values are preferable. Dashes indicate that no meaningful score could be obtained because training
did not converge to a usable policy. Convergence behavior is characterized qualitatively from the
training runs; see Figure 5 and the accompanying text in Section 6.2 for what the curves do and do
not represent.

Under the curriculum schedule, LightFuser converges reliably to the performance
reported in Section 6.1. Distillation is therefore not merely helpful but necessary for the
compact architecture, and, with respect to RQ2, the ablation identifies the task-ordered
curriculum—not distillation per se—as the element that makes the lightweight multi-task
student trainable at all [9,10]. The scope of this evidence should be stated precisely. The
ablation contrasts the curriculum regime as a whole with its two endpoints; it does not
decompose the regime into its parts. It therefore establishes that a staged, progressively
weighted introduction of teacher supervision is required for this compressed student, but
it does not establish that the particular task ordering, the linear shape and length of the
ramp in Equation (3), or the combination of feature-level and task-level supervision is
individually necessary. Each of these follows from the design rationale of Section 4.2
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rather than from a controlled comparison, and separating their contributions requires the
component-wise ablation set out in Section 8.

6.3. Efficiency Analysis

Table 6 presents the component-level latency comparison. Total network latency drops
from about 128.4 ms per frame with TransFuser to 67.6 ms with LightFuser, an overall
reduction of about 47%. This increases the estimated model-only throughput from 7.8 FPS
to 14.8 FPS on the same GPU platform [2,28]—sufficient to keep pace with a 10 Hz closed-
loop control cycle and thus near-real-time in the sense of RQ1.

Table 6. Component-level inference latency of TransFuser and LightFuser.

Module TransFuser (ms) [IQR] LightFuser (ms) [IQR] Reduction

Image Backbone 46.04 [44.77–47.58] 23.12 [22.56–23.90] 49.8%
LiDAR Backbone 44.93 [43.48–46.15] 27.09 [26.42–27.94] 39.7%

Fusion 34.12 [33.30–35.21] 14.75 [14.36–15.24] 56.8%
Decoder 0.08 [0.07–0.08] 0.05 [0.04–0.05] 40.0%

Head 2.92 [2.71–3.00] 2.34 [2.16–2.40] 19.8%

Total Network 128.38 [124.86–132.27] 67.59 [65.96–69.67] 47.3%

As Table 6 shows, the savings are not confined to a single component: image-backbone
latency halves, and LiDAR-backbone latency falls by roughly 40% owing to the lighter
encoders. In comparison, the fusion stage shows the largest relative gain—about 57%—as
a direct consequence of the hybrid Performer–Transformer design. Decoder and head
costs were already negligible. Importantly, the improvements do not shift the bottleneck
elsewhere: backbones and fusion remain the dominant costs at much lower absolute
latency, and fusion’s share of total network time drops from over a quarter to about one-
fifth. Parameter counts decrease accordingly (Section 3.3): the encoder pair falls from
38.8 M to 22.4 M parameters. Peak GPU memory was not instrumented separately for this
study. The reduction in activation memory implied by the halved channel widths and by
the linear-complexity early fusion stage is therefore reported qualitatively in Table 1 rather
than as a measured figure, and quantifying it is part of the embedded-platform profiling
identified as future work in Section 9.

One element of the computational profile is available for the baseline but not for the
student. For TransFuser the complete model comprises approximately 165.8 million pa-
rameters and about 34.9 G multiply–accumulate operations per frame at the input resolu-
tions used here, with an inference-time GPU memory footprint of roughly 2.8 GB [4,30].
The corresponding whole-model figures for LightFuser were not recorded during the origi-
nal study: the parameter and operation accounting that was archived covers the encoder
pair only, 38.8 M against 22.4 M parameters and 3.2 against 1.6 GFLOPs per stream (Table 1).
We report this as a gap rather than closing it with an estimate, because a whole-model
total obtained by adding an unaudited fusion, decoder, and head budget to the measured
encoder difference would carry more apparent precision than the underlying record sup-
ports. What is measured end-to-end for both complete models is latency: Table 6 profiles
the full inference pipeline of each network on identical hardware and inputs and gives
128.38 ms per frame for TransFuser against 67.59 ms for LightFuser, a reduction of 47.3%.
That measurement covers the whole model rather than the backbones alone, and it is
the quantity on which the efficiency claims of this article rest. Should the whole-model
parameter, multiply–accumulate, and peak-memory totals be required, the clean remedy is
to recompute them under a documented and archived profiling protocol and to report them
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alongside Tables 1 and 6; this is part of the embedded-platform characterization identified
as future work in Section 9.

7. Discussion
The central objective of this work was to design a sensor-fusion architecture that

preserves TransFuser’s driving competence while substantially reducing computational
cost. The empirical results indicate that LightFuser approaches this target. As shown in the
benchmark comparison, its average Driving Score remains competitive and clearly above
those of earlier fusion baselines. At the same time, the efficiency analysis reveals a nearly
twofold reduction in network compute. Taken together, these findings suggest that the
model achieves the intended balance between performance and efficiency.

RQ1—compression without catastrophic loss of driving competence. The evidence
supports an affirmative answer within the tested setting. Halving network latency
(128.4 ms → 67.6 ms per frame; 7.8 → 14.8 FPS) cost roughly five Driving Score points
relative to the teacher (47.3 → 42.4), while Route Completion remained within three per-
centage points and pedestrian-collision rates stayed at the teacher’s level. The degradation
is graceful and concentrated in specific infraction types rather than in a global collapse of
driving ability; the compressed student remains far above the simpler Late Fusion and
Geometric Fusion baselines on every aggregate metric. Compression alone, however, does
not yield this result—the architectural reduction becomes viable only in combination with
the training regime addressed by RQ2.

RQ2—the training regime for stable convergence. The ablation in Section 6.2 delineates
the answer sharply: neither pure supervised learning nor full distillation from the first
epoch produces a usable policy, whereas the task-ordered curriculum of Section 4 converges
smoothly within 30 epochs. The regime combines three design properties, which Section 6.2
tests jointly rather than one at a time. First, distillation signals are ramped in gradually
(Equation (3)), so that the student can form stable low-level features before strong teacher
gradients act on them. Second, the curriculum is task-ordered: anchoring it on the low-
dimensional waypoint objective before introducing dense semantic, depth, and BEV targets
prevents the auxiliary losses from dominating early optimization. Third, supervision spans
both representational levels, on the reasoning that matching only final outputs would
deprive the student of intermediate structure it lacks the capacity to discover on its own.
What the ablation shows is that removing all three at once and imposing all three at once
from the first epoch both fail, which is what identifies the regime as load-bearing. It does not
attribute the effect to any single component, so the three properties above should be read as
the rationale the schedule was built on rather than as separately demonstrated necessities;
establishing the latter requires the component-wise ablation described in Section 8. Subject
to that qualification, the regime is offered as a transferable recipe for training compact
multi-task students under strong teachers.

However, the gains are not uniform across all aspects of driving. LightFuser exhibits
slightly higher rates of vehicle collisions and red-light violations than its teacher, indicating
that certain safety-critical cues are more sensitive to reduced model capacity. This effect is
especially pronounced in challenging scenarios, such as dense traffic or adverse weather
conditions, where TransFuser’s richer representations retain a noticeable advantage. Under
typical conditions, the performance gap is smaller, and the distilled student behaves stably
and reliably.

These observations underscore the trade-off inherent in lightweight design: substan-
tial reductions in computational load are attainable without collapsing driving ability,
but specific failure modes become somewhat more frequent than in the teacher. For de-
ployment in safety-critical settings, the efficiency gains should therefore be paired with
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targeted mitigation of the affected infraction types, for example, rule-based safeguards
at intersections.

The magnitude of these two effects deserves to be examined with precision. Vehicle-
collision infractions rise from 2.45 to 2.58 per kilometer and red-light infractions from
0.16 to 0.17 per kilometer, increases of roughly 5% and 6% against a 47% reduction in
network latency. Table 4 reports no per-route dispersion for the infraction counts, so these
differences are best read as a consistent tendency rather than as separately significant
effects. Their direction is nevertheless interpretable. Both infraction types depend on small,
distant, or partially occluded evidence—the brake onset of a lead vehicle, a signal head at
the far side of an intersection—and that evidence is carried by exactly the high-resolution
image features that the FAVOR+ approximation represents only approximately and that
the halved channel widths encode with less capacity. Pedestrian collisions, which turn on
large, near-field, high-contrast evidence, remain at the teacher’s level (0.04 versus 0.03 per
kilometer), which is consistent with this reading.

8. Limitations
While the results of this study are promising, several limitations must be considered

when interpreting the findings.
First, the evaluation is conducted entirely in the CARLA simulator using the official

Leaderboard protocol. Although widely adopted, these benchmarks remain abstractions
of reality. Aspects such as sensor noise, complex weather dynamics, and long-horizon
interactions with human drivers are simplified. Consequently, real-world deployment
could reveal additional weaknesses that are not captured in simulation [5,6].

Second, the Leaderboard prioritizes driving-policy robustness over computational
efficiency. The efficiency metrics reported for LightFuser (latency, FLOPs, memory foot-
print) come from separate profiling and are not included in the official score. This creates
a mismatch between how agents are ranked in the benchmark and the criteria that matter
most for deployment on resource-constrained platforms [6]. The computational profile is
also incomplete on the student side. Whole-model parameter and multiply–accumulate
counts are reported for the TransFuser baseline but were not recorded for LightFuser, so
the compression is quantified end-to-end by measured latency (Table 6) and at encoder
level by parameter count (Table 1), but not by a whole-model parameter or operation total
(Section 6.3).

Third, the experiments are restricted to a single GPU platform (RTX 2080). Although
profiling isolates model-level costs, absolute throughput on embedded devices—such as
automotive-grade SoCs or low-power GPUs—may differ significantly. Without hardware-
specific optimizations, treat the reported efficiency gains as indicative rather than definitive.

Finally, LightFuser inherits structural assumptions from its teacher. Reliance on frame-
level fusion without an explicit temporal component constrains long-horizon reasoning in
dynamic scenes. Moreover, the distillation procedure is tailored specifically to a TransFuser
teacher; transferring the same scheme to a different teacher architecture would likely
require substantial retuning.

A further boundary concerns the ablation of the training regime itself. Section 6.2
compares three settings—no distillation, undifferentiated distillation from the first epoch,
and the proposed task-ordered curriculum—and therefore varies the regime as a whole. It
does not isolate the individual ingredients: the task ordering, the shape and length of the
linear ramp in Equation (3), the choice of activation epochs, and the use of feature-level
supervision alongside task-level supervision are all present together in the successful arm
and all absent, or all simultaneously active, in the two failing arms. The experiments
consequently support the conclusion that a staged, progressively weighted distillation
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schedule is required for this compressed student, but they do not establish that any one
of these components is individually necessary, and they do not rank their contributions.
A component-wise ablation, varying the ordering against a fixed ramp, the ramp against
a fixed ordering, and feature-level against task-level supervision in isolation, together with
the sensitivity analysis over activation epochs and target weights noted in Section 4.2,
would be needed to make the stronger claim; both are identified as future work in Section 9.

Beyond the simulator-to-reality gap itself, deploying on a physical platform raises three
issues that this study does not address. First, the sensor interface is idealized: the model
consumes perfectly time-aligned panoramas and BEV grids produced by the simulator,
whereas a vehicle must absorb timing jitter, dropped frames, rolling-shutter effects, and
calibration drift between camera and LiDAR—and the profiling reported in Section 6.3
explicitly excludes the acquisition and preprocessing stages in which those effects arise.
Second, the latency figures are model-only and were obtained on a desktop RTX 2080;
an automotive SoC has a different memory hierarchy and a different set of well-optimized
operators, and the Performer kernel in particular depends on primitives that embedded
inference runtimes support unevenly. Third, the residual gap to the teacher is concentrated
in precisely the categories a safety case would scrutinize most closely, so a deployed
variant would need the rule-based interlocks discussed in Section 7 rather than the learned
policy alone.

These limitations do not invalidate the contribution of this work; rather, they define
its scope and the boundaries within which the conclusions can be generalized.

One further boundary should be stated explicitly, because it delimits what the reported
numbers can support. The evaluation is closed-loop by construction: teacher and student
are trained on privileged-agent demonstrations recorded inside CARLA with a fixed sensor
rig, and both are assessed by driving the routes rather than by scoring logged trajectories.
Open-loop metrics on external driving datasets were therefore not used. Under a different
sensor geometry, calibration, and label taxonomy, such an evaluation would principally
measure the domain gap between CARLA and the target dataset. In contrast, the controlled
quantity of interest here is the effect of compression at a fixed data distribution and a fixed
sensor interface.

9. Conclusions
This work introduced LightFuser, a hybrid Performer–Transformer fusion architecture

for efficient end-to-end autonomous driving. The design consolidates several key ideas
into a single model: replacing heavy encoders with compact RegNetY-1.6GF backbones,
employing a hybrid attention fusion scheme that combines Performer-based linear attention
in high-resolution stages with full Transformer attention at reduced spatial scales, and
integrating a staged knowledge distillation framework from a high-capacity TransFuser
teacher. Together, these elements directly address the computational bottlenecks identified
in prior analysis by reducing encoder load, limiting attention overhead, and easing sensor
timing pressure—without sacrificing the benefits of multimodal reasoning.

On the CARLA Leaderboard, LightFuser maintains competitive driving performance
while nearly halving network latency, and profiling confirms that the gains stem primarily
from lighter backbones and a streamlined fusion stage; the remaining gap to the teacher
is moderate and concentrated under adverse conditions [6,28]. More generally, the study
shows that careful profiling directs optimization effort to the components with the largest
impact, that curriculum-based distillation is a practical recipe for training compact yet
competent models in multi-task, multimodal settings, and that the hybrid Performer–
Transformer fusion pattern offers a blueprint for reconciling strong performance with strict
compute and memory budgets.
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Returning to the research questions, a transformer-based multimodal fusion model
can indeed be compressed to near-real-time performance without catastrophic loss of
driving competence (RQ1), but only when the compression is guided by component-level
profiling and coupled with a knowledge-transfer mechanism; in addition, a training regime
that makes such lightweight multi-task students converge stably (RQ2) is a task-ordered,
progressively weighted distillation curriculum in which teacher supervision is introduced
first for the control objective and only later for the dense perception tasks. That answer
rests on a comparison between the regime and its two endpoints, so it identifies the staged
introduction of teacher supervision as necessary without isolating the contributions of the
ordering, the ramp, and the two levels of supervision within it.

Future work will proceed along three lines. First, extending LightFuser to temporal
fusion with sequence-level attention would address the frame-level limitation inherited
from the teacher and improve robustness to occlusions and fast-changing traffic. Second,
profiling and optimizing the model on embedded automotive platforms—through quan-
tization, structured pruning, and operator fusion, with explicit budgets in milliseconds,
frames per second, memory, and power [21]—would turn the reported indicative gains into
deployment-grade figures. Third, the curriculum distillation recipe itself deserves broader
study: applying it to different teacher architectures and other multi-task domains would
establish how far the task-ordered schedule generalizes beyond the TransFuser–LightFuser
pairing examined here. A component-wise ablation of the recipe, varying the task ordering
against a fixed ramp, the ramp shape and length against a fixed ordering, and feature-level
against task-level supervision in isolation, together with a sensitivity analysis over the
activation epochs and target weights, is a prerequisite for that broader study and is the
more immediate priority.
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