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Toward Optimal Mixture of Experts System
for 3D Object Detection: A Game of
Accuracy, Efficiency and Adaptivity
Linshen Liu , Pu Wang, Guanlin Wu , Junyue Jiang, and Hao Frank Yang

Abstract—Autonomous vehicles, open-world robots, and other
automated systems rely on accurate, efficient perception modules
for real-time object detection. Although high-precision models im-
prove reliability, their processing time and computational overhead
can hinder real-time performance and raise safety concerns. This
paper introduces an Edge-based Mixture-of-Experts Optimal Sens-
ing (EMOS) System that addresses the challenge of co-achieving
accuracy, latency and scene adaptivity, further demonstrated in the
open-world autonomous driving scenarios. Algorithmically, EMOS
fuses multimodal sensor streams via an Adaptive Multimodal
Data Bridge and uses a scenario-aware MoE switch to activate
only a complementary set of specialized experts as needed. The
proposed hierarchical backpropagation and a multiscale pooling
layer let model capacity scale with real-world demand complexity.
System-wise, an edge-optimized runtime with accelerator-aware
scheduling (e.g., ONNX/TensorRT), zero-copy buffering, and over-
lapped I/O–compute enforces explicit latency/accuracy budgets
across diverse driving conditions. Experimental results establish
EMOS as the new state of the art: on KITTI, it increases average
AP by 3.17% while running 2.6× faster on Nvidia Jetson. On
nuScenes, it improves accuracy by 0.2% mAP and 0.5% NDS,
with 34% fewer parameters and a 15.35× Nvidia Jetson speedup.
Leveraging multimodal data and intelligent experts cooperation,
EMOS delivers accurate, efficient and edge-adaptive perception
system for autonomous vehicles, thereby ensuring robust, timely
responses in real-world scenarios.

Index Terms—Mixture of expert (MoE), computing system,
efficiency, 3D object detection, edge computing.

I. INTRODUCTION

D ESIGNING machine-learning systems entails an inherent
Pareto trade-off: predictive accuracy and computational

efficiency cannot, in general, be simultaneously achieved. Nev-
ertheless, real-world deployment demands both in tandem: accu-
racy high enough to be trustworthy and efficiency tight enough
to meet latency and power budgets; consequently, the design
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task becomes co-optimizing along the Pareto frontier. In au-
tonomous driving systems (ADS), safety hinges on two coupled
factors, the fidelity of environment perception and the end-to-
end perception-to-decision latency required to meet real-time
deadlines. Heterogeneous sensors (LiDAR, cameras, and radar)
must be fused under tight compute and memory budgets at the
edge; a pipeline that is accurate but slow can miss fast-evolving
hazards, whereas one that is fast but inaccurate can precipitate
unsafe actuation [1], [2]. The trade-off between accuracy and
efficiency is further shaped by sensor bandwidth, field of view,
weather robustness, and deployment constraints (e.g., embedded
platforms), which together determine what can be processed
within a fixed latency budget. This coupled design problem is
ubiquitous, spanning robotics, healthcare, and transportation,
and thus serves as a general principle for next-generation ML
system design [3], [4].

Current computing methods for 3D object detection largely
follows two design paradigms. The first develops high-capacity
models for accuracy and subsequently retrofits them for de-
ployment via pruning, quantization, operator/kernel fusion,
accelerator-aware scheduling, and other systems optimizations
to meet latency budgets. The second starts from an efficiency-
first stack such as lightweight backbones, streaming/online
inference, and low-precision arithmetic (e.g., INT8/FP8) and
then attempts to recover accuracy through fine-tuning, self-
supervised/distillation objectives, and task-specific adapta-
tion [5], [6], [7]. In practice, neither path yields a stable bal-
ance: accuracy-first models often remain too slow as parameter
depth/width grows, whereas efficiency-first models typically
stagnate below the accuracy required for safety-critical use,
shown as Fig. 1. The tension is both computational and ar-
chitectural. Real-time constraints, memory bandwidth, power
limits, and cross-sensor synchronization/fusion limit the speed
of per-frame multimodal processing [8]. Architecturally, static
pipelines allocate a fixed compute budget regardless of scene dif-
ficulty: overcomputing on easy frames and under-provisioning
on hard ones [9].

Beyond these challenges, the dynamic operating conditions
in ADS make the problem even harder [2], [10]. Open world
robotics and autonomous vehicles navigate interactive, rapidly
evolving scenes rather than the quasi-stationary settings com-
mon in other embodied systems. Dense urban traffic demands
fine-grained recognition under frequent occlusions at mod-
erate speeds, whereas suburban highways require long-range
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Fig. 1. Performance of 3D object detection models in terms of accuracy and
inference efficiency on KITTI and nuScenes. The results indicate that most
methods improve accuracy at the expense of inference efficiency. By employing
MoE framework, it is possible to break the dilemma between accuracy and
efficiency.

perception and timely responses at high speeds. Even along a
single route, requirements shift over time: distant agents call
for coarse but persistent awareness, while near-field agents
require precise, low-latency updates as they approach decision
boundaries. Consequently, the optimal balance among accuracy,
efficiency, and modality utilization is time-varying, and a single
static, unimodal or uniformly multimodal method is unlikely to
satisfy all conditions simultaneously [11]. We suggest meeting
these demands requires progress on two complementary fronts:
(i) leveraging high-fidelity perception method to robustly cap-
ture heterogeneous sensor evidence, and (ii) adopting mixture-
of-experts (MoE) or related conditional-execution mechanisms
to adapt computation to scenario difficulty. Addressing both
detection precision and adaptive efficiency enables reliable op-
eration under stringent, safety-critical constraints.

Concretely, the perception front is best addressed by multi-
modal fusion, which exploits complementary sensing to raise
accuracy and robustness in open-world driving scenes [12].
LiDAR offers lighting-invariant 3D geometry but sparse seman-
tics, while cameras provide dense appearance cues at low cost
yet degrade under adverse illumination. Fused properly, these
modalities compensate for one another: LiDAR anchors spatial
precision and camera provides rich semantics, which allows the
system to emphasize salient evidence while filtering redundancy
and thereby strengthening 3D situational awareness. On the
computation front, MoE framework enables conditional execu-
tion: instead of a static budget, only a small subset of specialized

experts is activated per input, allocating capacity to hard frames
and saving cycles on easy ones [13], [14]. MoE’s modularity
further supports scalability (new experts can be added without
retraining the entire model), making it a natural fit for safety-
critical perception where accuracy–efficiency requirements vary
over time. Deploying MoE for 3D object detection in ADS,
however, imposes domain-specific constraints: heterogeneous
multi-sensor streaming and data fusion, and tight real-time lim-
itation for inference, which must be explicitly addressed [15].

We propose an Edge-based Mixture-of-Experts Optimal
Sensing (EMOS) System: a system-level solution that not only
enhances accuracy through multimodal information but also
achieve low inference latency. Different from existing MoE
frameworks proposed in Large Language Models (LLMs) [16],
[17], [18] and multimodal LLMs (MLLMs) [19], [20], [21],
EMOS is an adaptive MoE framework for edge-deployable 3D
object detection with cooperative experts design. The detailed
comparisons are illustrated in Table I. Our contributions can be
summarized as follows:
� A Multimodal MoE Framework with Dynamic Expert

Switching. This work introduces EMOS, the first MoE-
based 3D object detection framework that jointly addresses
the challenges of accuracy and efficiency for LiDAR–
camera fusion. EMOS integrates multimodal sensing with
a cooperative mechanism, in which experts of different
capacities are incorporated. Large- and small-capacity ex-
perts dynamically collaborate, and the MoE router adap-
tively switches between them based on scenario charac-
teristics. This design enables accurate detection in chal-
lenging scenes while keeping inference efficient in simpler
environments.

� Enhanced Accuracy and Robustness via MoE and Hier-
archical Training. EMOS integrates diverse experts: Effi-
ciency Prioritized Experts (EPEs), Lightweight Accuracy
Prioritized Experts (LAPEs), and Full-feature Accuracy
Prioritized Experts (FAPEs) with a scenario-driven expert-
switching mechanism. To mitigate MoE’s sensitivity to
imbalanced training data, a hierarchical training strategy is
proposed, combining intra- and inter-expert backpropaga-
tion for collaborative learning. A customized multi-scale
pooling layer further enhances efficiency in multimodal
processing, ensuring fast and accurate LiDAR-camera fu-
sion.

� Optimized Edge Inference through System-Level Enhance-
ments. The original PyTorch-based MoE inference faced
inefficiencies in memory management and computational
resource allocation, leading to high latency. EMOS ad-
dresses this through a two-pronged optimization frame-
work, incorporating memory management techniques to
increase the L1/L2 cache hit rates and computational graph
fusion for reducing redundant data loading across layers,
and improving inference speed.

� State-of-the-art (SOTA) Accuracy and Efficiency Across
Benchmarks. Extensive experiments demonstrate that
EMOS achieves state-of-the-art performance across both
KITTI [10] and nuScenes [2] datasets. On the KITTI, it
improves average detection accuracy by 3.17% and runs

Authorized licensed use limited to: Johns Hopkins University. Downloaded on May 14,2026 at 16:06:50 UTC from IEEE Xplore.  Restrictions apply. 



916 IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 48, NO. 1, JANUARY 2026

TABLE I
COMPARISON BETWEEN EMOS AND EXISTING MOE FRAMEWORKS USED IN LLMS/MLLMS. EMOS IS THE FIRST MOE FRAMEWORK FOR 3D OBJECT

DETECTION, INTRODUCING NOVEL DESIGNS IN INPUT MODALITIES, EXPERT SPECIALIZATION, ROUTING, TRAINING STRATEGY, AND SYSTEM OPTIMIZATION

BEYOND EXISTING LLM/MLLMS MOE FRAMEWORKS.

TABLE II
COMPARISON OF EXISTING 3D OBJECT DETECTION METHODS AND EMOS ACROSS ALGORITHM AND SYSTEM DIMENSIONS. UNLIKE PRIOR METHODS, EMOS

INTEGRATES MULTIMODAL INPUT, PARAMETER MINIMIZATION, POOLING ENCODER, AND SYSTEM-LEVEL OPTIMIZATIONS, INCLUDING CPU SCHEDULING,
MEMORY MANAGEMENT, AND COMPUTATIONAL GRAPHICS OPTIMIZATION, DEMONSTRATING ITS UNIQUE JOINT DESIGN OF ALGORITHM AND SYSTEM.

2.6 times faster on NVIDIA Jetson. On the nuScenes, it
surpasses the SOTA with gains of 0.2% mAP and 0.5%
NDS, while using only 66% of the model size and achieving
a 15.35 times speedup on Jetson. These results clearly
highlight the dual advantages of EMOS in accuracy and
efficiency, making it well-suited for real-time autonomous
driving.

II. RELATED WORK

Improving both efficiency and accuracy in ML systems is
a highly challenging task that requires a careful balance of
optimizations across multiple levels. Achieving overall perfor-
mance improvements demands not only algorithmic advances
but also system-level enhancements. We provide a systematic
comparison of current state-of-the-art approaches at both levels,
with detailed results summarized in Table II, offering a clear
perspective on diverse optimization strategies. The remainder
of this chapter presents an in-depth discussion of related work
on object 3D detection algorithms, ML compilation platforms,
and MoE frameworks.

A. 3D Object Detection Algorithms

Camera-only Algorithms: Current ADS widely adopt monoc-
ular and stereo cameras as imaging sensors. For monocular
cameras, research divides into three main categories [33]: (1)

Prior-guided methods [34], [35], [36], (2) Camera-only ap-
proaches [37], [38], [39], and (3) Depth-assisted techniques [40],
[41], [42]. For stereo cameras, research falls into two cate-
gories: (1) 2D-detection-based methods [43], [44], [45] and (2)
Volume-based approaches [46], [47], [48]. The main advantage
of camera-based methods is their ability to capture detailed im-
age information along object edges, aiding effective object seg-
mentation. However, cameras cannot provide real-time distance
measurements for every point, leading to inferior performance
in 3D object detection compared to LiDAR. Processing dense
image signals also demands substantial computational cost.
Consequently, camera-based methods generally underperform
in efficiency compared to LiDAR-only methods in 3D object
detection.

LiDAR-only Algorithms: Owing to its active 3D signal gen-
eration, LiDAR has been widely adopted in ADS for 3D object
detection [23], [24], [49], [50], [51], [52]. Some approaches
predict 3D bounding boxes from point clouds by projecting them
into voxels [22], [53] or pillars [51], whereas others directly use
raw point clouds as input [54], [55]. Anchor-based detection
heads are commonly employed [22], [51], although center-based
representations have also been explored [56], [57]. For LiDAR-
only methods, accuracy on KITTI car detection has substantially
improved: 3DSSD [55], PartA2 [50], and Voxel R-CNN [26]
all achieve over 85% on the easy split, but performance drops
to around 72% on the hard split, indicating limited robustness

Authorized licensed use limited to: Johns Hopkins University. Downloaded on May 14,2026 at 16:06:50 UTC from IEEE Xplore.  Restrictions apply. 



LIU et al.: TOWARD OPTIMAL MIXTURE OF EXPERTS SYSTEM FOR 3D OBJECT DETECTION: A GAME OF ACCURACY 917

under challenging conditions. However, due to safety regula-
tions, LiDAR sensors are subject to strict limitations on signal
intensity. This constraint leads to weaker signal reflections when
interacting with surfaces at small incidence angles or with soft
materials such as skin and cloth. Consequently, LiDAR-based
methods tend to exhibit reduced accuracy for the “person” class
on the KITTI dataset.

Multimodal Fusion Algorithms: Although LiDAR provides
accurate geometric measurements, the absence of RGB infor-
mation limits its effectiveness in detecting small objects and
appearance-dependent categories such as traffic signs. Conse-
quently, fusing LiDAR and camera data has attracted extensive
research attention in ADS. To align LiDAR and image features
across different dimensions and coordinate systems, two pri-
mary approaches have been proposed [33]: projection-based and
model-based alignment. Projection-based methods either map
image features onto raw point clouds to preserve the original
representation [58], [59], [60], [61], or combine point cloud and
image features during feature extraction [28], [62], [63], [64].
In contrast, model-based methods align multimodal features via
query-based cross-attention before fusion [29], [65], [66], [67],
or employ a unified feature space for joint representation [27],
[68], [69], [70]. On the KITTI car detection benchmark, multi-
modal fusion methods have reported strong performance. PPF-
Det achieves 89.51, 84.46, and 78.91 AP on the easy, moderate,
and hard splits, respectively [71]; RoboFusion reports 91.75,
84.08, and 80.71 [72]; and GraphAlign++ attains 90.98, 83.76,
and 80.16 [73].

B. Machine Learning Compilation Platforms

Advanced ML compilers and deployment tools are essential
for the effective utilization of a wide range of deep learn-
ing acceleration hardware. With the increasing complexity and
computational demands of ML models, specialized deploy-
ment frameworks allow TensorFlow and PyTorch models to
achieve efficient execution across diverse hardware architec-
tures. ML compilation platforms can be categorized into three
groups: general-purpose, hardware-specific, and framework-
specific platforms.

General-Purpose Compilation Platforms: ONNX Run-
time [74] is an open standard that supports model interoperabil-
ity and enables portable execution across CPUs, GPUs, and spe-
cialized accelerators. It improves performance through graph-
level and memory management optimizations. Multi-level In-
termediate Representation (MLIR) [75], built on LLVM [76], a
widely used modular compiler infrastructure, standardizes ML
compiler pipelines and enhances interoperability and scalability
across frameworks and hardware platforms. Apache TVM [32]
is an open-source deep learning compiler that supports auto-
mated tuning and tensor scheduling for efficient deployment on
heterogeneous hardware, including CPUs, GPUs, and FPGAs.
It has been widely applied in both cloud-based and edge AI
scenarios for inference and training.

Hardware-Specific Compilation Platforms: TensorRT [30],
developed by NVIDIA, accelerates deep learning inference
on NVIDIA GPUs through quantization, operator fusion, and

layer optimizations, enabling high throughput and low latency,
and is widely applied in real-time inference scenarios. Open-
VINO [77], Intel’s optimization toolkit, optimizes deep learn-
ing inference performance on Intel CPUs, GPUs, and FPGAs
through computation graph optimizations and model quantiza-
tion. OneDNN [78] provides optimized deep learning primitives
by employing CPU vectorization and memory optimizations to
support efficient inference execution.

Framework-Specific Compilation Platforms: Glow [79], an
open-source compiler from Meta, optimizes PyTorch models
through ahead-of-time compilation and quantization, and sup-
ports efficient execution on CPUs, GPUs, and accelerators, and
is commonly applied in mobile and embedded environments.
TorchDynamo [80], introduced in PyTorch 2.0, is a Just-in-time
(JIT) compiler that mitigates Python execution overhead and
integrates with backends such as XLA [31], Inductor, and Ten-
sorRT to improve model execution performance.

III. METHOD

The pipeline of EMOS is illustrated as Fig. 2. Upon re-
ceiving input data, the Adaptive Multimodal Expert Router
(Section III-D) firstly preprocesses the data and selects the
most suitable expert from the Expert Candidate Pool (Sec-
tion III-A) and applies our designed MoE ensemble strategy
(Section III-C) to get the final detection result. Due to the
challenging training phase of MoE framwork, we propose a
hierarchical training strategy for EMOS, which is detailedly
illustrated in Section III-E.

A. Expert Utility Evaluation

Various approaches have been proposed for 3D object detec-
tion [51], [53], [54], [57], differing in model scale, efficiency,
and input modalities such as LiDAR, camera, radar, or multi-
modal combinations [29], [50], [81]. This heterogeneity makes
apples-to-apples comparisons difficult. To provide a fair and
unified lens, we introduce two novel utility functions to profile
the existing experts: the Accuracy Utility Function Ua and the
Efficiency Utility Function Ue.

The intuition is simple: good models do more with less:
Ua measures how effectively a model converts capacity into
predictive quality – rewarding accuracy gains per unit of capac-
ity (e.g., per million parameters), so models that extract more
information from the same parameter budget score higher. Ue
measures the accuracy delivered per unit of execution cost on
a target platform (e.g., per millisecond of end-to-end latency
or per joule), aligning comparison with deployment realities
where latency and energy typically grow with model size and
input resolution on fixed hardware. Together, (Ua,Ue) enable
principled, modality-agnostic comparisons across architectures
under consistent task and hardware constraints. They can be
used as a standardized profiling protocol that accounts jointly
for accuracy, model size, input modality, and inference cost.

Accuracy Utility Function: Let Am,d denote the accuracy
(e.g., mAP or NDS) of modelm on dataset d,Pm,d its parameter
count, and Dm,d the effective input information volume, which
scales with sensor resolution, frame rate, and the number/type
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Fig. 2. Overall Framework and Submodules of EMOS. (a) The Expert Candidates Pool, which organizes expert models into different categories according to
efficiency–accuracy utility trade-offs. (b) The MoE Switch, which determines expert selection based on proposal-region confidence and distance. (c) The Optimal
Ensemble MoE Decoder serves as the second-stage decoder for information post-processing. It incorporates three categories of experts: Efficiency-Prioritized
Experts (EPEs), Lightweight Accuracy-Prioritized Experts (LAPEs), and Full-feature Accuracy-Prioritized Experts (FAPEs), each with distinct internal structures.
(d) The end-to-end pipeline of EMOS, illustrating each processing stage together with representative visual results.

of sensing modalities. To disentangle accuracy gains attributable
to input data richness from those due to model architecture and
capacity, we define two utilities using model setting normalizers
utilityUdata and the model design and parameters settingsUparam:

Udata(m, d) =
Am,d

δ log (Dm,d) + b
, (1)

Uparam(m, d) =
Am,d

γ log (Pm,d) + c
, (2)

where γ and δ control the sensitivity to parameter size and
input data resolution, respectively, and c and b are stabilizing
bias terms. Both terms reflect the principle that accuracy im-
provements become increasingly costly as models grow larger
or sensor resolutions increase, following a logarithmic penalty.
The overall Ua is:

Ua(m, d) = αUparam(m, d) + β Udata(m, d), (3)

where α and β are balancing weights that determine the relative
contribution of parameter and data efficiencies.

Efficiency Utility Function: Let Tm,d denote the inference
time of the model m on dataset d, andPm,d denote its parameter
size. To capture the diminishing efficiency of large models, we
apply a negative logarithmic penalty to parameter size, and com-
plement it with a latency–size ratio term that reflects hardware
utilization. The overall efficiency score is defined as:

Ue(m, d) = −H log (Pm,d) +
νh Tm,d

θPm,d
+ C, (4)

where H scales the logarithmic size penalty, θ adjusts the sen-
sitivity of the size–latency ratio, νh is a hardware-dependent
coefficient that adapts the latency penalty across different de-
ployment platforms, andC is a constant bias term. The inclusion
of− log(Pm,d) ensures that excessively large models are penal-
ized sharply, which is consistent with empirical observations
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Fig. 3. Multimodal Data Flow and Hierarchical Training Design of EMOS. The three paths include backpropagation from: (1) Final detection output, (2) LiDAR
branch of AMDB, and (3) Image branch of AMDB. Since expert training heavily depends on the outputs of these two branches, which are unreliable in early epochs,
introducing additional backpropagation paths directly supervising the two branches of AMDB accelerates training and improves convergence quality.

that model size often increases much faster than the associated
accuracy gains.

By jointly applying Ua and Ue, candidate methods for 3D ob-
ject detection can be consistently evaluated across datasets and
hardware platform. Models with high Ua represent Accuracy-
Prioritized Experts (APEs), which excel in complex conditions
but incur higher cost, while models with high Ue correspond
to Efficiency-Prioritized Experts (EPEs), which are lightweight
and suitable for simple environments. In the following sec-
tions, we integrate both groups into our MoE framework and
demonstrate how adaptive expert selection balances accuracy
and efficiency on resource-constrained platforms.

B. Expert Profiling

Efficiency-Prioritized Experts: EPEs are designed for fast
inference speed. They first project 3D LiDAR features extracted
by the Adaptive Multimodal Data Bridge (AMDB) into Bird’s
Eye View (BEV) representation. In scenarios with abundant
voxel information, accurate height cues are preserved even after
compression into BEV space. To efficiently process near-field
objects with dense and well-defined voxel representations, EPEs
use 2D decoder to extract features and perform localization and
classification, then employ a transformation module to map the
2D results back into 3D space, prioritizing inference speed while
maintaining reliable detection accuracy.

Accuracy-Prioritized Experts (APEs), including two types:
LAPEs and FAPEs. APEs are designed for challenging scenar-
ios such as far-field objects and incomplete voxel information.
Speicfically, LAPEs project both 3D LiDAR and image features
extracted by AMDB into a BEV representation, followed by
a trained decoder that predicts per-voxel classifications and
bounding boxes. On the other hand, FAPEs adopt a more com-
prehensive framework that except 3D LiDAR and image features
extracted by AMDB, it adds two separate encoders to further

Fig. 4. Demonstration of Multiscale Pooling and Multimodal Fusion. Image
features are first aligned with the 3D proposal space generated by the LiDAR
branch of AMDB. Relevant image regions are extracted, projected into 3D space,
and subsequently processed through pooling and fusion. After pooling, image
features whose pixels correspond to the same 3D voxel are concatenated with the
associated LiDAR voxel features, whereas unmatched pixels are concatenated
with zero-padded features, details are illustrated in Algorithm 1.

encode the extracted LiDAR and image features, respectively.
The extracted features are then fused through a multimodal
decoder. By leveraging both LiDAR and image modalities, APEs
effectively mitigate the issue of missing LiDAR details. To
further enhance efficiency, APEs integrate a multiscale pooling
module that reduces redundant computation before performing
multimodal fusion of image and LiDAR voxel features (see
Algorithm 1 and Fig. 4). This design improves detection per-
formance, particularly for distant and challenging objects.

Emergency Expert: The Emergency expert designed for sit-
uations where the full perception pipeline cannot be executed
in time (e.g., the vehicle is moving too fast or an obstacle
is dangerously close). To ensure timely reaction, it directly
consumes raw sensor data without preprocessing. We define an
emergence score SE(v, d) based on the vehicle speed v and the
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Algorithm 1: Fusion of Image Features into 3D Space.
Require: Features and 3D coordinates of LiDAR voxels
V = {fvi

, vi}Ni=1, Features and 3D coordinates of image
pixels P = {fpj

, pj}Mj=1, Proposal regions derived from
LiDAR dataR = {rk}Kk=1

Ensure: Fused multimodal features V fused

1: Initialize V fused = {vfused
i | vfused

i = [fvi
, 0], ∀vi ∈ V}

2: for rk ∈ R do
3: Identify pixels Pk = {pj | pj ∈ rk}
4: for pj ∈ Pk do
5: if pj exists in V then
6: vfused

i ← [fvi
, fpj

]
7: else
8: V fused ← V fused ∪ {[0, fpj

]}
9: end if
10: end for
11: end for

distance to the nearest object d:

SE(v, d) =
v

d
(5)

When the score exceeds a safety threshold τ , the Emergency
expert will be activated and immediately issues a braking signal.
This formulation naturally captures the intuition that higher
speeds and shorter distances both increase collision risk.

C. MoE Ensemble Strategy

According to (3) and (4), there exists a clear boundary between
efficiency and accuracy in the Ua and Ue. When the majority
of errors are concentrated on objects with higher recognition
difficulty, further accuracy gains typically demand a substantial
increase in model size. In such cases, achieving a marginal gain
in accuracy often corresponds to approximately doubling the
parameter count, reflecting the diminishing returns of scaling.

To overcome this boundary and jointly optimize efficiency and
accuracy, we propose an ensemble learning framework. The key
idea is to dynamically assign samples with varying difficulty
to the most appropriate expert, rather than always relying on
one single end-to-end detection model. Formally, we define the
scene-assignment function π(s) as:

π(s) =

{
EPEs , if F̂(s) < τ,

APEs, if F̂(s) ≥ τ,
(6)

F̂(s) denotes the estimated difficulty of scene s and τ is a thresh-
old. In real-world applications, F̂(s) is typically defined using
a combination of scene-level metrics computed from object-
detection outputs (e.g., confidence scores, mAP). Intuitively,
scenes with lower difficulty are routed to EPEs, whereas more
complex cases are handled by APEs. This strategy leverages
the complementary statistical biases of the two model types to
break the efficiency–accuracy bound in (3) and (4). Details of
the difficulty modeling and assignment mechanism are provided
in Section III-D.

D. Adaptive Multimodal Expert Router (AMER)

To seamlessly integrate EPEs and APEs into a unified MoE
system, we propose an adaptive multimodal expert router that
dynamically selects the most suitable expert for each task. This
router comprises two key modules: the Adaptive Multimodal
Data Bridge (AMDB) and the MoE Switch.

Adaptive Multimodal Data Bridge (AMDB): LiDAR provides
accurate 3D spatial information but often fails to capture low-
reflectivity regions, leading to sparse sampling. Images, in con-
trast, contain rich visual detail but introduce high redundancy, in-
creasing computational cost. To balance these trade-offs, we pro-
pose AMDB, which leverages LiDAR data for preliminary image
segmentation and augments selected voxels in those regions
with image features. This design supplies sufficient multimodal
information for downstream experts while avoiding excessive
computation. The LiDAR branch adopts a voxel-based backbone
to extract LiDAR features. Next, fully connected layers generate
proposal regions and associated confidence scores, which are
subsequently delivered to the proposal regions with the
multimodal feature block, guiding the image feature selection,
as shown in Fig. 4. The image feature branch, in turn, employs
a 2D convolutional network with depth-guided projection into
3D space.

Scenario-aware Experts Switch: To balance efficiency and
accuracy across diverse driving scenarios, and to better utilize
the candidate experts, we introduce the MoE Switch module.
This component dynamically assigns each scenario to the most
suitable expert based on scene-specific latency and accuracy
requirements, as illustrated in Fig. 2(b). By training experts
specialized for distinct conditions and routing each scenario
accordingly, the MoE Switch reduces average inference time
while maintaining accuracy within safety thresholds. During
inference, expert selection is guided by object distance and
clarity, where clarity is inferred from the confidence scores of
proposal regions generated by the AMDB. Intuitively, EPEs are
activated when all objects are clearly visible and no distant
objects are present, while LAPEs are selected for scenes with
unclear objects but no distant ones, or with distant objects that
remain clear and FAPEs are reserved for scenarios containing
both unclear and distant objects.

E. EMOS Hierarchical Training Strategy

Hierarchical Multimodal Loss and Back-Propagation: Dur-
ing training, experts heavily depend on proposal regions gener-
ated by the AMDB. However, in early epochs these proposals
are often unreliable, which disrupts the decision-making of the
MoE Switch and introduces noise into expert training. To address
this, we design a hierarchical back-propagation strategy (Fig. 3),
comprising three supervision routes: (1) proposal regions and
confidence scores from the LiDAR branch of the AMDB; (2)
proposal regions and confidence scores from the Image branch
of the AMDB; and (3) final detection outputs and confidence
scores from each expert. In addition, we pretrain both branches
of the AMDB and the experts independently to stabilize their
outputs prior to joint training. Each route is supervised by a ded-
icated loss function, which together constitute our hierarchical
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multimodal loss:

Ltotal = Lcls +
Lreg

Nfore
(7)

whereNfore represents foreground voxels associated with objects
to be detected. The classification loss Lcls and regression loss
Lreg are formulated as:

Lcls = Lce(yc, ŷc) (8)

Lreg = Lsmooth-L1(yr, ŷr) (9)

where ŷc and ŷr denote the predicted class and location of pro-
posal regions (for AMDB supervision) or final detections (for ex-
pert supervision), and yc and yr are their corresponding ground-
truth (GT) values. Lce represents the binary cross-entropy loss
for classification, while Lsmooth-L1 denotes the smooth-L1 loss
for localization. This hierarchical training strategy not only
stabilizes expert learning but also improves the model’s adapt-
ability across different data granularities. Consequently, it en-
ables effective use of multiscale pooling for memory efficiency,
even under compressed data representations, as discussed in
Section IV-A.

Addressing Long-tail Effects in MoE Training: In traditional
MoE frameworks [82], long-tail effects arise when certain
experts receive insufficient training due to imbalanced data
distributions or skewed allocation policies [83], which results
in reduced performance and inefficient resource utilization. In
datasets such as KITTI and nuScenes, the limited number of
training samples further exacerbates this issue: some experts,
particularly EPEs, exhibit reduced performance on their des-
ignated scenarios when disproportionately exposed to samples
from other scenarios. To address this, we propose two strategies.
First, during the fine-tuning stage, we introduce a data subset
division scheme that partitions training data into K subsets
C1, C2, . . . , CK , each assigned to an expert Ei. Each subset
Ci consists of a disjoint target set Ti and a shared interference
set Ii, with Ti ∩ Ii = ∅ for all i. Second, during pretraining, we
increase the sampling frequency of subsets with fewer samples,
ensuring that each class is exposed to the model an equal number
of times. This re-balancing strategy prevents experts assigned
to rare scenarios from being insufficiently trained. Finally, to
mitigate interference within each subset, we incorporate regu-
larization terms into expert loss functions, promoting attention
to target classes while suppressing misleading gradients from
interference:

Lexp-cls = Lce(yc, ŷc) +Rcls (10)

Lexp-reg = Lsmooth-L1(yr, ŷr) +Rreg (11)

where Lexp-cls and Lexp-reg denote the classification and regres-
sion losses for final detections, respectively. The regularization
terms are then formulated as:

Rcls = −α(1− pt)
γ log(pt) (12)

Rreg =
∑
i

λ (ŷi − yi)
2 (13)

where pt is the probability of interference presence, γ empha-
sizes hard samples, α balances sample contributions, and λ

is a weighting hyperparameter. The settings of parameters are
illustrated in Section V-B.

IV. COMPUTING SYSTEMS OPTIMIZATION

Beyond the core design and training algorithms of our MoE
framework, efficient edge deployment remains a key challenge.
Accordingly, we proposed: algorithmic optimizations that re-
duce computation and memory footprint (Section IV-A), and
hardware–software co-optimization tailored to the target plat-
forms (Section IV-B).

A. Algorithmic Efficiency Improvement on Edge

Edge devices operate under stringent resource constraints,
manifested as higher CPU–GPU transfer latency, limited physi-
cal memory, and incomplete library support, which underscores
the need for careful memory management and operator-level op-
timization. In our pipeline, convolutional operators, particularly
3D sparse convolutions, dominate inference time. To mitigate
this bottleneck, we employ an edge-optimized 3D sparse convo-
lution scheme [84] and introduce a multiscale pooling module
that strengthens multimodal feature fusion while simultaneously
reducing computational and memory overhead.

System Innovation 1. Edge-optimized 3D Sparse Convolu-
tion: Our proposed 3D sparse convolution reduces redundant
computation by focusing on nonzero voxels, yielding 65–80%
fewer operations compared with dense convolution [53]. To
further align with hardware constraints on edge devices, we
design a hardware-aware sparse convolution library, featuring
parallelized kernels and fused FMA operations, seamlessly in-
tegrated into the ONNX Runtime compiler. The system-level
optimization methods are presented in Section IV-B.

System Innovation 2. Multiscale Pooling: When process-
ing multimodal inputs, the combined voxelized features from
LiDAR and images frequently exceed the cache capacity of
edge devices, thereby limiting computational efficiency. To
address this issue, we introduce a multiscale pooling strategy,
as illustrated in Fig. 4, which adaptively downsamples image
feature voxels to fit cache constraints and subsequently fuses
them with LiDAR voxels, enabling both computational effi-
ciency and effective multimodal fusion. This design achieves
both efficient computation and effective multimodal integra-
tion. Voxel selection is guided by an adaptive filter based on
the Sobel operator, which prioritizes informative regions. The
pooling size is user-configurable within the ONNX frame-
work, providing flexibility to accommodate different hardware
constraints.

B. Optimizing Hardware & Software for MoE System

To further increase EMOS’s efficiency, at the system level,
we implement memory and computation graph optimization to
streamline execution, ensuring efficient inference across diverse
hardware platforms.

System Innovation 3. Memory Optimization: We propose four
strategies to accelerate the runtime of memory usage, including:
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Fig. 5. Illustration of Streaming Multiprocessors (SMs), Shared Memory, and Parallel Operations. SMs form the core computational units of a GPU, each
containing cores for parallel execution. When a kernel is launched, it defines computation blocks that will be distributed across SMs. Shared memory provides
high-speed memory support for blocks within an SM, facilitating data exchange and reducing memory latency. Parallel Communication and Computation operate
as follows: (1) The host dispatches a kernel to the GPU, defining computational task; (2) The scheduler assigns block 0 to an SM, reserving execution contexts and
shared memory; (3) Additional blocks are mapped to available execution contexts in an interleaved manner; (4) Once block 0 completes, block 4 is assigned to the
freed core, and this process iterates.

Algorithm 2: Optimized Edge-Based Sparse 3D
Convolution.
Require: Input non-empty voxels Vin = {f i

in, o
i
in}Ni=1,

where f represents input features and o represents input
voxel coordinates; Convolution kernelK; Voxel SpaceH.

Ensure: Output non-empty voxels Vout = {f i
out, o

i
out}Ni=1.

1: for viin = {f i
in, o

i
in} ∈ Vin do in parallel

2: (xk0
, yk0

, zk0
)← oiin;# Align kernel center to voxel

4: # Collect all voxels currently covered by kernel
5: Vpart ← {(f j

in, o
j
in) | o

j
in =

(xc + kx, yc + ky, zc + kz)
∀(kx, ky, kz) ∈ K, ojin ∈ Vin, o

j
in ∈ H}

7: # Perform Fused Multiply-Add (FMA) as
convolution

8: (f i
out, o

i
out)← FMA(Vpart,K)

9: end for

1) Reducing global memory access [85]: Shared memory,
illustrated in Fig. 5, serves as a high-speed cache within
streaming multiprocessors (SMs), enabling efficient data shar-
ing among cores. Leveraging shared memory notably improves
GPU throughput and reduces latency. In this work, we config-
ure the ONNX compiler to maximize shared-memory hit rates
and optimize warp-level execution order, thereby eliminating
redundant memory access and improving overall computational
performance.

2) Parallel Communication and Computation [86]: In base-
line PyTorch pipelines, the common practice is to transfer
the entire batch to the GPU before computation starts, which

effectively serializes communication and computation. To fully
utilize GPU compute cores and interconnect bandwidth, we par-
tition tensors into multiple chunks. While chunk i is being pro-
cessed, chunk i+1 is prefetched into device memory and chunk
i−1 is offloaded, thereby overlapping communication with com-
putation and improving end-to-end throughput (see Fig. 5).

3) Thread Management [87]: To enhance memory efficiency,
we propose a four-stage thread management strategy. At the
end of each stage, the CPU terminates all completed threads,
issues a system interrupt, and initiates a new batch of threads
for the subsequent stage. This staged design ensures that, at any
given point, memory retains only the minimal thread-related in-
formation required for the current stage. Consequently, effective
memory utilization is optimized at the system level. The detailed
management process is illustrated in Fig. 6.

4) Prefix scanning for sparse CNN operation [88]: To further
optimize hardware efficiency, we leverage GPU-based prefix
scan capabilities. This parallel technique (often used to compute
cumulative sums or products) reduces the number of calculation
time steps from O(N) to O(logN), improving load balancing
and overall hardware efficiency. To further enhance hardware
performance, we exploit GPU-based prefix scan primitives. This
parallel method, commonly employed for computing cumulative
sums or products, reduces the computational steps from O(N)
to O(logN), thereby improving load balancing and overall
throughput.

System Innovation 4. Computation Graph Optimization: Our
ONNX computation graph optimization occurs in two stages [7]:
1) Graph rewriting (before partitioning on each streaming mul-
tiprocessor subcore) and 2) Complex node fusion (after parti-
tioning).
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Fig. 6. Illustration of Thread Management. We define four boundaries to manage all threads in EMOS. Upon reaching each boundary, the preceding threads
are terminated, and their allocated address space is released. Each component spans a set of threads, with light gray strips and numbers indicating execution time
before optimization, and darker strips and numbers representing execution time after optimization.

1) Graph Rewriting: Graph rewriting encompasses a set
of optimization techniques such as constant folding, redun-
dant node elimination, and semantic-preserving operator fusion.
Constant folding accelerates computations involving constant
values, thereby reducing runtime overhead. Redundant node
elimination removes superfluous operations without affecting
the computational graph’s semantics. Semantic-preserving fu-
sion consolidates multiple operators (e.g., Conv + Add) into a
single node, improving execution efficiency.

2) Complex Node Fusion: After partitioning, complex node
fusion is employed to further improve execution efficiency. In
particular, for General Matrix Multiplication (GEMM), we fuse
polynomial computations with activation functions to reduce
redundant arithmetic operations. Likewise, layer normalization
fusion condenses multi-stage procedures (e.g., ReduceMean,
Sub, Pow, Sqrt, Div) into a single LayerNormalization operator.
Finally, compound expressions such as LayerNorm(X + f(X))
are fused into a unified operation, thereby minimizing interme-
diate computations and memory accesses.

V. EXPERIMENTS

In this section, we evaluate EMOS on two well-established
3D objection datasets: KITTI [10] and nuScenes [2] dataset and
evaluating both accuracy and efficiency. To better reflect our
proposed method in real-world autonomous driving scenarios,
we conduct experiments on both the widely used GPUs (Nvidia
RTX A4000, RTX 3080) and edge-computing platform (Nvidia
Jetson AGX Orin) (Section V-A). We provide detailed hyper-
parameters settings in Section V-B and both quantitative and
qualitative results of EMOS in Section V-C. The ablation study
is provided in Section V-D.

A. Preliminaries

Datasets: For evaluation, we train and test EMOS on 3D
object detection using KITTI [10] and nuScenes [2], two stan-
dard benchmarks in autonomous driving research. The KITTI

dataset comprises 22 driving scenes with 3,712 training, 3,769
validation, and 7,518 test samples, totaling 80,256 annotated
objects. To characterize detection difficulty, objects are catego-
rized as Easy (height ≥40 px, fully visible, truncation ≤15%),
Moderate (height ≥25 px, partly occluded, truncation ≤30%),
and Hard (height≥25 px, heavily occluded, truncation≤50%).
These difficulty levels, approximately distributed as 30% Easy,
40% Moderate, and 30% Hard, provide fine-grained evaluation
and have been adopted in subsequent benchmarks. The nuScenes
dataset contains 1.4 M images and 400 K LiDAR samples, with
annotations covering 23 object classes spanning diverse traffic
participants. On average, each keyframe includes about seven
pedestrians and twenty vehicles, representing dense urban traffic
scenarios. Compared to KITTI, nuScenes incorporates multiple
sensor modalities, a larger data scale, and scenarios with higher
object density and occlusion.

Evaluation Metrics: KITTI evaluates performance with the
R40 protocol, computing 3D Average Precision (AP) at 40
recall rates using IoU thresholds of 0.7 for cars and 0.5 for
pedestrians and cyclists. This metric emphasizes localization
accuracy but overlooks other aspects of detection quality. In con-
trast, nuScenes employs the nuScenes Detection Score (NDS),
which integrates mAP with mean true positive errors in location,
size, orientation, attributes, and velocity. By normalizing each
component to [0,1] and combining them into a single score, NDS
provides a more holistic benchmark that reflects both detection
accuracy and the precision of estimated box parameters and
dynamic states.

Unlike conventional single-model settings, where the size of
the python configuration files (.pth) directly corresponds to the
overall model size, the computation for EMOS follows a differ-
ent principle due to the MoE design. Specifically, the effective
parameter size is defined as the sum of a fixed AMER block and
the weighted contributions of individual experts, expressed as:

Stotal = SAMER +

K∑
i=1

πi SEi
, (14)
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whereSAMER denotes the parameter size of the AMER block,SEi

the parameter size of expert Ei, and πi the activation frequency
of expert Ei across scenarios (see Table VII). Under this formu-
lation, the effective parameter count of EMOS corresponds to an
equivalent .pth weight size of approximately 333.3 MB with
32-bit floating-point (FP32) precision.

Hardware Adaptation: We test EMOS on three distinct hard-
ware platforms: a workstation with an Intel Xeon X86 CPU
paired with an NVIDIA RTX A4000 GPU, an NVIDIA RTX
3080 GPU, and an embedded edge device equipped with an
ARM CPU and an Amphere GPU (Jetson Orin AGX). Compared
to widely used workstation, Jetson is a resource-constrained
edge computing platform with only three cache levels and
a 4 MB L2 cache per GPU core. Without advanced sparse
convolution libraries, matrix operations exceeding this limit
incur clear memory swapping overhead, impacting efficiency.
All edge-based experiments were conducted on the Jetson Orin
platform using the ONNX-TensorRT implementation. The
software environment was configured via custom shell scripts,
which installed the required ONNX, CUDA, TensorRT, and
cuDNN dependencies. The TensorRT engine was generated
by a customized build script based on the official NVIDIA-
AI-IOT interface framework, where the maximum workspace
size and precision mode (FP16) were optimized for embedded
deployment. During inference, we restricted EMOS to four CPU
threads, following the thread management strategy in Fig. 6, to
ensure consistent CPU utilization across runs. This hardware
setup allows efficient execution of 3D object detection models
on both server-class and embedded hardware, with balanced
utilization of GPU acceleration and controlled CPU concur-
rency, thereby enabling reproducible latency and throughput
measurements in resource-constrained environments.

B. Implementation Details

Hyperparameters in Expert Diagnosis: To implement the
utility-based expert evaluation, we set the hyperparameters in
(3) and (4) as follows. For the Ua (3), we use γ = 0.05 ,
δ = 0.05 , c = 2 , and b = 2 to control the logarithmic penalties
and stabilizing biases, while α = 100 and β = 100 determine
the relative weights of parameter and data efficiencies. For
the Efficiency Utility Function (4), we use H = 10 to scale
the size penalty and θ = 0.005 to adjust the sensitivity of the
latency–size ratio, and C = 53 as a constant bias term. The
hardware-dependent coefficient νh is introduced as an empir-
ical scaling factor to approximate Jetson AGX Orin inference
latency from desktop GPU measurements. Specifically, we set
νh = 3.25 when extrapolating from 3080 to Jetson AGX Orin,
and νh = 4.35 when extrapolating from A4000 to Jetson AGX
Orin, based on baseline model latency ratios across representa-
tive detection models. With these hyperparameters, we compute
expert candidate scores (Ua,Ue) for all models on KITTI and
nuScenes, enabling a consistent ranking of experts in terms of
accuracy–efficiency trade-offs. These rankings form the basis of
the expert selection strategy in our MoE framework, ensuring

that APEs and EPEs are assigned according to their strengths
under deployment constraints.

Expert Switch and Ensemble: We design the dataset-specific
expert switching and ensemble strategies for KITTI and
nuScenes based on the rankings in Fig. 7, which shows the
efficiency–accuracy utility of each expert. To capture detec-
tion difficulty for different scenes, we applied a two-sample
Kolmogorov–Smirnov (KS) test, which reveals a statistically
distributional shift with respect to both distance and confidence
score for each sample, yielding distance thresholds of 23.5 m
(KITTI) and 35 m (nuScenes). Visibility criteria were further
defined by confidence: predictions with scores above 0.65 or
below 0.30 (KITTI) and above 0.60 or below 0.30 (nuScenes)
were deemed “clearly visible,” while intermediate scores were
considered “uncertain.” These thresholds provide principled
decision boundaries for invoking higher-accuracy experts in the
second inference stage. Based on these criteria, the evaluation
data were partitioned into three subsets: (i) TS1, containing
objects within D meters, processed by EPEs; (ii) TS2, where
objects exceedDmeters or are withinD but predicted with inter-
mediate scores, assigned to LAPEs; and (iii) TS3, where at least
one object is both beyond D and predicted with intermediate
scores requiring FAPEs. This adaptive partitioning ensures that
the MoE switching and ensemble mechanism selects the most
suitable expert under varying detection difficulties, balancing
efficiency and generalization across datasets.

Backbone Selection in AMER: The implementation of the
AMER relies on dataset-specific backbone choices within the
proposed AMDB. For the LiDAR branch, we adopt a voxel-based
backbone: a 3D Sparse CNN is employed for KITTI to extract
spatial geometric features, while a Dense-Head Attention block
is used for nuScenes to accommodate its larger scale and diverse
traffic scenarios. These backbones allow LiDAR features to be
extracted efficiently and adapted to the characteristics of each
dataset.

In the image feature branch, a 2D convolutional backbone
(e.g., CenterNet or ResNet) is used to extract image features,
which are subsequently projected into 3D space via depth esti-
mation. The projected image features are then fused with LiDAR
proposals generated in the voxel branch, guided by confidence
scores predicted by fully connected layers, as shown in Fig. 4.
This design ensures that multimodal features are incorporated
selectively in regions where they provide complementary infor-
mation, thereby reducing redundant computation. The overall
AMDB workflow and backbone selection are illustrated in Fig. 2.

Hyperparameters in EMOS Training: For the loss functions
defined in (12) and (13), the hyperparameters are adapted to the
characteristics of KITTI and nuScenes. Specifically, the focal
loss employs a class-balancing factor α with αcar = 0.55 and
αothers = 0.45 to address the imbalance between vehicle and
non-vehicle categories. The hardness weighting parameter γ
is adapted to dataset characteristics and detection difficulty:
γ = 0.2 for KITTI easy cases, γ = 0.8 for moderate and
hard cases, γ = 0.7 for rare classes in nuScenes (e.g., barrier),
and γ = 0.3 for common classes (e.g., car). The regression–
classification trade-off is controlled by λ = 0.45 to enable stable
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Fig. 7. Accuracy and Efficiency Utility on KITTI and nuScenes. The figures illustrate the distribution of expert models in terms of accuracy utility Ua and
efficiency utility Ue across two benchmarks. On KITTI, similar trade-offs are observed, with methods such as PartA2-Free and CT3D favoring efficiency, and TED
and VFF prioritizing accuracy. On nuScenes, LiDAR-only methods (e.g., CenterPoint) provide relatively high efficiency with moderate accuracy, while multimodal
methods (e.g., BEVDet, TransFusion) emphasize accuracy but incur higher computational cost. In both datasets, EMOS achieves the most balanced trade-off,
reaching (Ua = 82.3,Ue = 59.6) on KITTI and (Ua = 73.4,Ue = 178.5) on nuScenes.

TABLE III
QUANTITATIVE COMPARISON OF DIFFERENT METHODS FOR 3D OBJECT DETECTION ON KITTI. N/A INDICATES THAT EITHER THE OPEN-SOURCE VERSION OF THE

RESPECTIVE MODEL DOES NOT SUPPORT THAT PARTICULAR CLASS, OR THE MODEL ITSELF DOES NOT SUPPORT JETSON DEPLOYMENT. DARK BLUE AND LIGHT

BLUE MARK THE BEST AND THE SECOND-BEST RESULTS AMONG ALL MODELS.

joint optimization of localization and classification objectives.
These hyperparameters define a configuration that emphasizes
difficult samples, balances category prevalence, and accommo-
dates the distinct distributions of KITTI and nuScenes.

C. Results and Analysis

The results of EMOS on the KITTI and nuScenes datasets
are shown as Tables III and IV, respectively. On both datasets,
EMOS achieves the best performance in most accuracy-related
metrics and efficiency-related metrics. The inference time of
EMOS on Jetson further highlights EMOS’s superiority in edge
system adaptation.

Results on KITTI: As shown in Table III, EMOS improves
recognition accuracy by 1.95% (cars), 1.31% (pedestrians), and
6.24% (cyclists). In terms of efficiency, it achieves 371.3 ms per
frame on Jetson, providing a 2.6 times speedup over comparable
methods.

Results on nuScenes: On the nuScenes benchmark (Table IV),
EMOS improves mAP by 2.8% and NDS by 2.8% compared
to efficiency-oriented SOTA models, and further surpasses
accuracy-oriented models by 0.2% mAP and 0.5% NDS, while
using only 67% of the parameter count. Moreover, it achieves
397.3 ms per frame on Jetson, which is 15.35 times faster than
efficiency-oriented baselines, demonstrating strong accuracy–
efficiency trade-offs for real-time autonomous driving.

Results of Accuracy and Efficiency Utility Function:
Fig. 7 presents the joint evaluation of expert models us-
ing the proposed Ua and Ue on KITTI and nuScenes,
respectively. The evaluation shows that models present
different trade-offs between accuracy and efficiency: LiDAR-
only methods such as CT3D and PartA2-Free obtain inter-
mediate accuracy levels while maintaining higher efficiency
compared with other methods, whereas multimodal methods
such as TED and BEVDet achieve higher accuracy, accompanied
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TABLE IV
QUANTITATIVE COMPARISON OF DIFFERENT METHODS FOR 3D OBJECT DETECTION ON NUSCENES. INFERENCE TIME IS MEASURED BY RUNNING JETSON AGX

ORIN PLATFORM. N/A INDICATES THAT EITHER THE OPEN-SOURCE VERSION OF THE RESPECTIVE MODEL DOES NOT SUPPORT THAT PARTICULAR CLASS, OR THE

MODEL ITSELF DOES NOT SUPPORT JETSON DEPLOYMENT. DARK BLUE AND LIGHT BLUE MARK THE BEST AND THE SECOND-BEST RESULT AMONG ALL

MODELS. FOR INFERENCE TIME, LIGHT BLUE MARKS THE SECOND-BEST MODELS UNDER MULTIMODAL AND OVERALL SETTINGS.

Fig. 8. Qualitative Comparison Between Selected Methods and EMOS. We select four representative scenarios: (a) intersection, (b) standard, (c) narrow street,
and (d) dense surrounding. The first two rows show the detection results of PV-RCNN [90] and SECOND [53], respectively. The third row illustrates the proposal
regions generated by our AMDB, while the fourth row presents the final detection results of EMOS. Spherical markers highlight voxels within bounding boxes.
In the last two rows representing our model, darker spheres indicate voxels with higher confidence scores, while lighter spheres correspond to lower confidence
scores. In contrast, the spheres in the first two rows (baselines) are colored solely for visualization purposes. Compared to the two baselines, EMOS clearly reduces
both false positive and false negative detections.

by lower efficiency utility scores. Across both datasets, EMOS
attains the highest joint accuracy–efficiency utility scores, reach-
ing (Ua = 82.3,Ue = 59.6) on KITTI and (Ua = 73.4,Ue =
178.5) on nuScenes. These results demonstrate that the utility-
based expert diagnosis provides consistent evaluation across
datasets, indicating that the proposed framework can be applied
reliably in cross-dataset settings.

Qualitative Results and Analysis: We examine four represen-
tative driving scenarios from the KITTI validation set: inter-
section, urban road, narrow street, and dense traffic, as shown

in Fig. 8. The detection results of EMOS are compared against
baseline methods including PV-RCNN and SECOND. As shown
in Fig. 8, SECOND produces multiple false positives and false
negatives across scenarios, such as false positives for pedestrians
and cars at intersections, car false positives on urban roads,
pedestrian false negatives on narrow streets, and pedestrian
false positives in dense traffic. PV-RCNN exhibits a similar
error distribution, with frequent false positives across categories,
particularly for bicycles and cars, while yielding only a modest
reduction in false negatives. Overall, both baselines show higher
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Fig. 9. Ablation Study on Hierarchical Training. We report the training loss
over the first 20 epochs, measured at both the start point and end point of each
epoch under two settings: (i) training with first-stage backpropagation and (ii)
training without first-stage backpropagation. The “start point” denotes the loss at
the beginning of each epoch, while the “end point” denotes the loss at the end of
the same epoch. As shown, enabling first-stage backpropagation leads to faster
and more stable convergence, whereas disabling first-stage backpropagation
results in slower convergence and a higher final loss.

TABLE V
ABLATION STUDY OF DIFFERENT EXPERT ENSEMBLE STRATEGIES. THE

TRI-EXPERT COMBINATION (EPES + LAPES + FAPES) ACHIEVES THE BEST IN

BOTH ACCURACY UTILITY SCORE AND EFFICIENCY UTILITY SCORE,
DEMONSTRATING THAT THE COMPLEMENTARY EXPERTS STRATEGY YIELD

SUPERIOR PERFORMANCE.

error rates, whereas EMOS demonstrates fewer false positives
and false negatives across diverse traffic scenarios.

D. Ablation Study

Hierarchical Training: The training curves of the model with
and without the hierarchical training strategy are shown in Fig. 9,
illustrating a measurable improvement in convergence speed
during the first 20 epochs when hierarchical training is applied.
This acceleration can be attributed to the direct supervisory
signals provided to the AMDB, which enable it to adapt and focus
on regions that are likely to contain objects at earlier stages. In
contrast, without such supervision, the AMDB relies solely on
delayed feedback from the detection head, thereby limiting the
early identification of informative regions.

Experts Ensembling: We analyze ensemble strategies by
examining the utilization and per-class performance reported in
Table VI. The results show that different classes exhibit distinct
feature characteristics, resulting in varying expert utilization.
For geometrically simple and frequently observed classes such
as car (42,821 instances), EPEs is selected in 13.6% of cases
and achieves accuracy of 88.4 AP and 85.8 NDS. Similarly,
for rigid structures like barrier, EPEs account for 14.9% of
selections with mAP 72.7. These results indicate that smaller

Fig. 10. Detection Confidence Scores v.s. Object Distance. Left to right in each
subfigure: (1) the Efficiency-Prioritized Expert, (2) the Lightweight Accuracy-
Prioritized Expert, and (3) the EMOS system, on the validation set. Three well-
trained experts keep the confidence high with minimal variance across distances.

experts capture regular patterns with limited intra-class vari-
ance. In contrast, categories with higher appearance variance
or stronger occlusion, such as bicycle and motorcycle, exhibit
higher utilization of larger experts. For instance, FAPEs account
for 65.6% of selections in the bicycle category and achieve 70.1
mAP and 77.5 NDS, compared with 56.8 mAP and 68.8 NDS for
EPEs. Likewise, for motorcycle, FAPEs are selected in 67.3% of
cases and achieve higher accuracy (85.1 mAP, 82.6 NDS) than
smaller experts.

As shown in Table V, pairwise ensembles lead to unbalanced
expert utilization. For example, EPEs+FAPEs achieves rela-
tively high accuracy (70.5 mAP, 73.8 NDS) but invokes EPEs
infrequently, reducing efficiency. Similarly, LAPEs+FAPEs at-
tains 71.3 mAP and 74.2 NDS, but requires a large combined
model size of 359 MB. In comparison, the tri-expert ensemble
(EPEs + LAPEs + FAPEs) yields 71.7 mAP and 74.5 NDS with
a moderate model size of 333 MB. This configuration utilizes
the complementary contributions of all three experts: EPEs con-
tribute efficiency, LAPEs provide balanced accuracy, and FAPEs
improve performance in complex scenarios. By routing scenes
to the corresponding expert, the tri-expert ensemble achieves
a balanced trade-off between efficiency and accuracy across
diverse driving conditions.
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TABLE VI
THE STATISTICS OF UTILIZATION AND PERFORMANCE OF DIFFERENT EXPERTS DURING EXPERIMENT ON NUSCENES. AS SHOWN IN THE RESULTS, EPES WITH

32 MB SIZE ACHIEVE THE BEST AP (AVERAGE PRECISION) AND NDS IN SOME SCENARIOS AMONG ALL THREE EXPERTS (E.G. TRAILER), WHICH HIGHLIGHTS

THE EFFECTIVENESS OF MOE FRAMEWORK IN RESOLVING THE DILEMMA OF ACCURACY AND EFFICIENCY IN 3D OBJECT DETECTION.

TABLE VII
ABLATION OF EMOS ON NUSCENES. SUMMARY OF UTILIZATION, MAP, AND

NDS ACROSS DATA-PROCESSING STRATEGIES. FOR MAP AND NDS, VALUES

ARE REPORTED BEFORE AND AFTER OPTIMIZATION: LIGHT-BLUE CELLS SHOW

RESULTS AFTER MULTI-STAGE TRAINING TO IMPROVE TAIL-SAMPLE

PERFORMANCE (SECTION III-E); PLAIN CELLS SHOW RESULTS BEFORE

OPTIMIZATION.

Multiscale Pooling and ONNX-based Optimization: We an-
alyze the effect of multiscale pooling and ONNX-level op-
timization on inference latency. On the KITTI dataset, each
validation sample contains on average 20,000 LiDAR points.
Under standard fusion, the model processes 20,000 LiDAR fea-
ture voxels together with approximately 2,000 thousand camera
feature voxels, resulting in a two-orders-of-magnitude increase
in computation compared to LiDAR alone. The proposed mul-
tiscale pooling fusion strategy reduces the camera features to
about 60,000 while retaining all 20,000 LiDAR feature voxels,
thereby reducing redundant computation. Furthermore, apply-
ing ONNX-based system optimization decreases the end-to-end
inference time from 6064.2 ms to 397.3 ms, reducing latency
to a range suitable for deployment on resource-constrained
platforms.

VI. LIMITATIONS

Our current work primarily focuses on optimizing the al-
gorithmic framework and deployment module. To achieve
a more comprehensive solution for algorithm–hardware co-
optimization, we will explore topics related to open-vocabulary
datasets and hardware utility maximization. We will also inves-
tigate integrating language experts into the MoE architecture
for open-vocabulary detection, aligning these open-vocabulary
experts with existing experts [58], [100], [101]. For hardware
utility maximization, we will incorporate SOTA load-balancing
techniques [102], [103] to dynamically allocate computational
resources across different threads over varying time intervals.

We will also explore implementing our strategy on heteroge-
neous accelerator systems, such as Jetson equipped with both
GPU and DLA. This dynamic resource scheduling is designed
to optimize hardware utilization, minimize latency, and ensure
efficient workload distribution. In particular, we will investigate
adaptive resource management strategies that leverage real-time
performance monitoring and predictive modeling to allocate
computing power more effectively. Such strategies will enable
the system to respond dynamically to fluctuations in computa-
tional demand, thereby achieving an optimal balance between
energy consumption and processing speed.

VII. CONCLUSION

We presented EMOS, a novel multimodal MoE framework
that achieves both superior accuracy and efficiency in 3D ob-
ject detection tasks. By integrating the adaptive MoE routing
mechanism, the novel hierarchical training strategy, and system
optimization including multiscale pooling and computational
graph optimization, EMOS dynamically adapts to diverse traffic
scenarios, ensuring efficiency without compromising accuracy.
EMOS demonstrates SOTA accuracy and efficiency across both
KITTI and nuScenes benchmarks. On KITTI, it improves av-
erage recognition accuracy by 3.17% while running 2.6 times
faster on Jetson. On nuScenes, it surpasses accuracy-oriented
SOTA models with gains of 0.2% mAP and 0.5% NDS, us-
ing only 66% of the model size and achieving a 15.35 times
speedup on Jetson. These results confirm that EMOS effectively
balances accuracy and efficiency, making it a practical solution
for real-time autonomous driving on resource-constrained edge
platforms. Future work includes designing a more precise and
adaptive MoE switch to further enhance expert selection across
varying scenarios, as well as exploring additional deployment
optimizations to further minimize latency while preserving accu-
racy, thereby reinforcing the practicality of EMOS for real-time
autonomous driving systems.
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