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Abstract

Efficient 3D perception is critical for autonomous systems—self-
driving vehicles, drones—to navigate safely in dynamic environ-
ments. Accurate 3D object detection from LiDAR data must handle
irregular, high-volume point clouds, variable latency from con-
tention and scene complexity, and tight embedded GPU constraints.
Balancing accuracy and latency under dynamic conditions is crucial,
yet existing frameworks like Chanakya [NeurIPS 23], LiteReconfig
[EuroSys ’22], and AdaScale [MLSys ’19] struggle with the unique
demands of 3D detection. We present AGILE3D, the first adap-
tive 3D system integrating a cross-model Multi-branch Execution
Framework (MEF) and a Contention- and Content-Aware Reinforce-
ment Learning-based controller (CARL). CARL dynamically selects
the optimal execution branch using five novel MEF control knobs:
encoding format, spatial resolution, spatial encoding, 3D feature
extractor, and detection head. CARL uses supervised training for
stable initial policies, then Direct Preference Optimization (DPO) to
finetune branch selection without hand-crafted rewards, presenting
the first application of DPO to branch scheduling in 3D detection.
Comprehensive evaluations show that AGILE3D achieves state-
of-the-art performance, maintaining high accuracy across varying
hardware contention levels and 100-500 ms latency budgets. On
NVIDIA Orin and Xavier GPUs, it consistently leads the Pareto
frontier, outperforming existing methods for efficient 3D detection.

CCS Concepts

« Computer systems organization — Embedded software; «
Computing methodologies — Computer vision problems; «
Human-centered computing — Ubiquitous and mobile com-
puting systems and tools.
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1 Introduction

3D object detection is essential for applications such as autonomous
vehicles, delivery drones, robotics, and AR/VR systems, enabling
safe navigation and obstacle avoidance [2, 28, 56]. LIDAR technol-
ogy, which generates 3D point clouds, forms the foundation of these
systems. However, processing high-volume, irregular point cloud
data on resource-constrained embedded hardware, such as NVIDIA
Jetson boards, is challenging [1, 44]. The challenge is exacerbated
by dynamically fluctuating resource contention, making it critical
to balance accuracy and latency in autonomous systems.

Unlike 2D object detection models that leverage structured im-
age data with stable latency of CNN-based models, 3D detection
must contend with the irregularity and sparsity of point clouds,
requiring specialized encoders for voxelization and sparse con-
volutions. These operations significantly increase computational
demands, leading to latency variability. For instance, the latest 3D
model, DSVT [53], requires 13 TFLOPs of computation per sec-
ond, far exceeding the NVIDIA Orin GPU’s theoretical peak of 5.3
TFLOPs [22], and even more so for less powerful platforms like the
NVIDIA Xavier (~1.4 TFLOPs). In practice, real-world deployments
rarely achieve peak performance due to resource sharing among
concurrent applications, exacerbating latency unpredictability and
complicating latency constraints like the 10-20 Hz acquisition rates
of modern LiDAR systems [3, 45]. This gap highlights the need for
adaptable 3D detection solutions optimized for resource and latency
constraints, especially in cost- and energy-sensitive scenarios.
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Significant progress has been made in developing 3D object
detection models. Early works such as PointNet [32] and Point-
Net++ [33] pioneered feature extraction from point clouds, while
two-stage models like PV-RCNN [42] combined voxelization and
point-wise feature abstraction to enhance detection accuracy. Fully
trainable models, including VoxelNet [69] and SECOND [60], im-
proved representational capabilities, whereas efficiency-focused de-
signs like PIXOR [61] and PointPillar [23] reduced inference latency.
Advanced detection heads like CenterPoint [64] and Part- 2 [43],
alongside transformer-based architectures like DSVT [53], have
further pushed detection accuracy. Despite recent progress, exist-
ing models are designed and evaluated on server-class GPUs under
ideal conditions, neglecting the resource contention and latency
constraints of real-world applications. For instance, models such as
CenterPoint [64], Part- 2 [43], and DSVT [53] fail to dynamically
adapt to fluctuating resource contention and latency SLOs, falling
short of LIDAR operation rates (10-20 Hz), when deployed on a less
powerful edge device (e.g., the Nvidia Orin GPU).

In parallel, adaptive systems for 2D workloads have been exten-
sively studied recently, focusing on balancing accuracy and latency
under service-level objectives (SLOs) or resource constraints, partic-
ularly in video processing tasks. Representative examples include
Chanakya [15], LiteReconfig [58], and AdaScale [7], designed for
2D object detection in videos. In 2D detection, branch variations!
are typically achieved by tuning hyperparameters within a single
DNN model, without retraining or structural changes. We term
this approach “single model branching,” which enables lightweight
adjustments ideal for 2D workloads by tuning hyperparameters
without retraining. In contrast, “cross-model branching” employs
multiple models to address varying requirements.

Extending these 2D techniques to 3D workloads presents two
major challenges. First, adjustments to parameters like voxel size
require retraining of the model, due to the way such changes funda-
mentally alter the input data representation. For example, variations
in voxel or pillar size affect how the point cloud is divided into grids
(spatial resolution) and how spatial features are encoded. These
shifts disrupt downstream computations, such as sparse convolu-
tions, rendering pre-trained weights incompatible with the modified
data structure. Consequently, the model must be retrained or ex-
tensively fine-tuned to restore performance, making single-model
branching impractical for 3D systems. This limitation necessitates
cross-model branching for 3D workloads, enabling dynamic adap-
tation to diverse input characteristics and resource constraints. Al-
though cross-model branching increases memory usage, the lower
memory footprint of 3D models (Sec. 3.1.1) makes it both feasible
and advantageous. Second, unlike 2D models that process pixels
defined on regular grids with stable latency, 3D models handle
irregular point clouds, and thus exhibit higher latency variability
under resource contention (Sec. 3.1.2). This key difference leads to
significant variance in latency when executing the same branch
(i.e., the same single model) across different input point clouds
even without contention. Such variability necessitates innovative
scheduling techniques to dynamically select execution branches in
response to changing input content and resource contention.

A branch is a distinct DNN configuration tuned via hyperparameters (“knobs”) to
ensure consistent latency and accuracy across diverse inputs.

Wang et al.

These complexities expose a critical gap: existing frameworks lack
the mechanisms to dynamically adapt 3D object detection to simulta-
neous variations in input content and resource contention. Bridging
this gap demands the development of novel, resource-aware systems
capable of balancing accuracy and latency at runtime, while adher-
ing to stringent SLOs across diverse deployment environments. Such
adaptive 3D detection systems face three key challenges: First,
embedded devices are resource-constrained and often run multiple
applications, leading to resource contention. Second, transitioning
from 2D to 3D detection requires specialized 3D encoders, which
involve operations like voxelization, voxel encoding, and sparse
convolutions, significantly increasing system complexity. Lastly,
systems with tight latency budget must simultaneously handle dy-
namic external conditions (e.g., content variability across scenes and
latency SLOs) and internal constraints (e.g., hardware contention
from co-existing applications).

To address these challenges, we present AGILE3D, the first adap-
tive, contention- and content-aware 3D object detection system tailored
for embedded GPUs. At its core, AGILE3D employs a Multi-branch
Execution Framework (MEF) with five novel control knobs: en-
coding format, spatial resolution, spatial encoding method, 3D
feature extractor variants, and detection heads (Sec. 3.3). These
control knobs enable over 50 unique model configurations, allow-
ing the system to adapt its execution strategy based on input data,
resource availability, and system SLOs. Notably, the first four of
these five control knobs are specifically designed for 3D point cloud
object detection, distinguishing AGILE3D from previous 2D adap-
tive frameworks [7, 20, 36, 58, 65]. While the MEF facilitates dy-
namic operation, the Contention- and Content-Aware RL-based
(CARL) controller guarantees system adaptability through fine-
grained scheduling. CARL dynamically selects optimal branches
at runtime, addressing variability in input content, hardware con-
straints, and latency SLOs. Traditional RL-based controllers, such
as Chanakya [15], depend on human-designed reward functions,
which often lead to suboptimal results. CARL overcomes this limi-
tation by employing Direct Preference Optimization (DPO) [35], a
method that eliminates the need for manual reward tuning by learn-
ing directly from preference comparisons. While DPO is widely
used in domains like Large language models (LLMs) with human-
labeled “good” and “bad” outputs, CARL adapts this concept for
3D detection by leveraging a heuristic beam search oracle to label
optimal branches. This approach replaces the need for extensive
manual labeling, ensuring efficient training and robust adaptability.
As a result, CARL achieves superior accuracy and adaptability in
complex 3D tasks, even under dynamic runtime conditions.

We evaluate AGILE3D on three major benchmarks—Waymo [45],
nuScenes [3], and KITTI [14]—covering diverse scenarios and com-
plexities, using NVIDIA Jetson Orin and Xavier GPUs. AGILE3D
consistently achieves high accuracy across latency SLOs (100-500
ms) and contention levels. It outperforms adaptive system con-
trollers such as Chanakya [15] and LiteReconfig [58], and static 3D
models like DSVT [53], CenterPoint [64], and PointPillars [23] by
1-5% accuracy, while adhering to the latency constraints.

We summarize our contributions as follows:

1. We present AGILE3D, the first adaptive 3D object detection sys-
tem for embedded GPUs, designed to adapt seamlessly to varying
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contention levels and latency SLOs while maintaining robust perfor-
mance across diverse datasets (e.g., Waymo, nuScenes, and KITTI).
AGILE3D leverages five novel control knobs to dynamically opti-
mize latency-accuracy trade-offs, effectively addressing the unique
challenges of 3D object detection.

2. We design and implement two controller variants: a CARL con-
troller for dynamic, high-contention environments and a light-
weight Look-up Table-based controller for contention-free scenar-
ios. The CARL controller combines supervised training with DPO
fine-tuning, eliminating manually tuned rewards and improving ac-
curacy. Using a heuristic beam search, our fine-tuning automatically
labels optimal branches, significantly reducing manual effort.

3. AcILE3D delivers significant accuracy gains (1-5%) over state-
of-the-art (SOTA) baselines such as Chanakya [NeurIPS 23] and
LiteReconfig [EuroSys *22], while maintaining practical SLOs (100-
500 ms) across varying contention levels. It consistently excels
on diverse datasets and operates efficiently on NVIDIA Orin and
Xavier platforms.

2 Background

2.1 3D Object Detection Algorithms

Point Cloud Data. LiDAR generates unordered, irregular, and
sparse point clouds for spatial mapping [24]. Grid-based methods
structure this data through voxelization [69], balancing efficiency
and computational cost. Hard Voxelization (HV) restricts points per
grid cell, while maintaining fixed grid dimensions, causing detail
loss in dense areas. Dynamic Voxelization (DV) removes point-per
cell caps (allowing unlimited points per cell) but retains fixed grid
dimensions. This results in two inefficiencies: dense regions may
retain noise rather than discriminative features; sparse regions
waste computation on empty grid cells.

Local Processing for Sensors. Efficient sensor data processing on
embedded GPUs, like LiDAR and cameras, relies on lightweight
DNN:Ss [18, 19, 25, 47, 55, 67]. While resource-efficient, these models
lack adaptability to dynamic latency SLOs and input variability,
limiting their real-world utility.

2.2 Adaptive 2D Vision Systems

Recent advances in adaptive computer vision systems have focused
on addressing dynamic latency SLOs and adapting to varying lev-
els of resource contention by responding intelligently to input
content characteristics [7, 15, 20, 21, 36, 59, 65]. Configurations
are implemented through dynamic adjustments within a single
model [7, 21, 57] or ensembles leveraging multiple models or ex-
its [11, 51]. Customized lightweight networks tailored to datasets
further enhance efficiency [10]. These methods balance latency
and accuracy, ensuring stable performance under dynamic condi-
tions. While effective for 2D tasks, these approaches face significant
challenges when extended to 3D systems. As discussed in Sec. 3.1,
transitioning to 3D introduces greater computational demands, ir-
regular data structures, and the need for more sophisticated content
reasoning. Unlike 2D systems, where model parameters can be dy-
namically adjusted without retraining, 3D detection often requires
retraining or structural modifications for changes like voxel size.

2Here, “grid” refers to both voxel and pillar formats.
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These modifications alter data representations and computation
flows, rendering single-model branching infeasible. Furthermore,
3D models experience higher latency variability under resource con-
tention, complicating stable performance in dynamic environments.
These limitations emphasize the need for novel adaptive mechanisms
specifically designed for 3D detection. Such mechanisms must account
for retraining requirements, fluctuating contention, input variability,
and latency constraints to achieve robust performance.

2.3 RL with Feedback

Reinforcement Learning with Human Feedback (RLHF) [8, 27, 31]
integrates human preferences into LLM training. First, LLMs are
pre-trained on large datasets via unsupervised learning. They are
then fine-tuned using human-labeled data through supervised learn-
ing, followed by further fine-tuning via reinforcement learning that
leverages human feedback. A reward model evaluates outputs, and
RL techniques like Proximal Policy Optimization (PPO) [41] refine
the policy to align with human expectations. Though effective,
RLHF requires a complex pipeline with an auxiliary reward model.
DPO [35] simplifies this by bypassing the reward model, directly
optimizing policy using preference pairs. The model is trained to
favor preferred outputs over less favorable ones via a contrastive
loss function, offering an efficient mechanism for preference-based
optimization. Inspired by RLHF and DPO, we adapt these meth-
ods for multi-branch scheduling in AGILE3D. Here, the controller
(analogous to the language model) selects optimal branches under
latency and contention levels. Using preference pairs generated by
an Oracle controller, DPO optimizes branch selection policies with-
out an intermediate reward model, improving system performance
by tailoring LLM-inspired techniques to 3D detection.

3 Motivation and Design

Our work addresses the unique challenges of designing an adaptive
3D object detection system. We demonstrate four motivation studies
and present the key challenges in Sec. 3.1, provide an overview of
AGILE3D in Sec. 3.2, introduce the cross-model MEF in Sec. 3.3, and
present our contention- and content-aware RL-based controller
design in Sec. 3.4.

3.1 Motivational Studies

3.1.1 2D vs. 3D Detection. To highlight the need for adaptive 3D
systems, we compare structural and latency distribution differences
between 2D and 3D detectors. While 2D models process dense, struc-
tured images, 3D detectors handle unordered, sparse point clouds,
requiring a 3D Encoder for spatial feature extraction, which intro-
duces unique latency and computational demands. Study Setup.
We benchmark widely used 2D models (Faster RCNN [38], Sparse
RCNN [46], Dynamic RCNN [66], SSD [26], YOLOF [5], TOOD [12])
and 3D models (SECOND [60], PointPillars [23], CenterPoint [64]
with CP-Voxel and CP-Pillar variants). Results and Findings. As
shown in Fig. 1, latency distributions differ significantly between
2D and 3D models. In 2D, the Backbone dominates latency (47%-
78%), followed by the Neck (4%-21%) and Detection Head (16%-47%).
For 3D models, the 3D Encoder accounts for 21%-44% of latency,
surpassing the Backbone (15%-36%) in absolute computational de-
mand. This highlights the inefficiency of adaptive 2D techniques
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Figure 2: Mean latency with standard deviation across branches.
Higher contention increases variability and limits branches
within the 500 ms SLO, emphasizing the need for contention-
and content-aware 3D controls.

Figure 1: Comparison of execution time and model size for 2D and 3D models.
3D models require higher computation for point clouds but o er better
memory e ciency, averaging 20.53 MB versus 203.32 MB for 2D models.

the mean latency, standard deviation, and coe cient of variation
(i.e.,stddevmear) to capture stability, with lower values indicat-

ing greater consistency. Results are reported for branches with
mean latencies under 500 nResults and Findings. As shown in

Fig. 2, latency variability increases signi cantly with higher con-
tention levels. The coe cient of variation ranges from 2.62% to
11.91% under no contention, 2.83% to 13.34% under light contention,
1.94% to 14.13% under moderate contention, and 2.13% to 21.38%
under intense contention, with heavier models exhibiting higher
variance. Two types of latency variance are observedVithin-
Branch VarianceVariability caused by di erences in input point
cloud density. Dense or cluttered point clouds require more pro-
cessing, increasing latency compared to sparser inputs, worsening

Fi 3: Comparison of 3D models SECOND, PointPillars, CP-Voxel, s . .
oure P as contention increases. Between-Branch Variand®i erences

and CP-Pillar at di erent spatial resolutions. Key insight: No single . ; L .
model dominates across all latency ranges, motivating the need for arise due to architectural variations across branches. Operations
adaptive switching among models. like grouping, sampling, voxel encoding, and sparse/dense convo-

lution introduce varying computational demands, causing model
latency variability. 3D models exhibit signi cant latency variability
under resource contention and dynamic inputs. A contention- and
content-aware controller is critical to adapt execution paths, reduce
latency violations, and ensure reliable performance.

when applied to 3D systems, as 3D models require specialized en-
coders to process point clouds into structured spatial features. A
counter-intuitive observation is that 3D models are signi cantly
more memory-e cient than 2D models (purple bars in Fig. 1). 2D
models on COCO average 203.32 MB, whereas 3D models on KITTI
average 20.53 MB nearly one-tenth the size, despite KITTI point 3.1.3 Need for Multi-Model Design.autonomous systems, la-
clouds containing 45% of COCO's image data volume. This compact- tency and accuracy requirements vary based on environmental
ness re ects the e ciency of 3D models in leveraging sparse point ~ conditions, system speed, and operational demawdgle3D is
clouds and voxelization to capture essential spatial information designed to adapt to these dynamic scenarios, ensuring consis-
with fewer parameters. Unlike 2D models, which process dense tent performance across conditionStudy Setup. We evaluate
color, texture, and background information, 3D models focus on four 3D models: SECOND, PointPillars, CP-Voxel, and CP-Pillar,
spatial structure, e ciently encoding occupied regions and surface  each tested with ve grid sizes on Xavier board®esults and
geometry, thereby reducing memory requirements. Findings. The observed behaviors, shown in Fig. 3, are as follows:
[SECOND]: accuracy 40%-70%, latency 58-143 ms; [PointPillars]: ac-
3.1.2 High Latency Variance of 3D Mod®laintaining low latency curacy 52%-65%, latency 53-147 ms; [CP-Voxel]: accuracy 62%-67%,
violations is crucial in autonomous systems to ensure timely re- latency 94-371 ms; [CP-Pillar]: accuracy 53%-63%, latency 74-186
sponses across di erent scenarios. Signi cant latency variability in - ms. The relationship between spatial resolution (grid sizes) and
3D models highlights the need for a contention- and content-aware  detection accuracy is nuanced, especially for di erent object sizes
controller. Study Setup. We measure the latency of all branches  and classes. For smaller objects, such as pedestrians, higher spatial
in the MEF on an embedded GPU under di erent contention levels. resolution (smaller grid sizes) improves accuracy due to better fea-
Contention levels are calibrated as detailed in Sec. 4.4; higher levels {yre representation. For instance, the PointPillars model PP-0.12
indicate greater resource contention. For each branch, we compute achijeves higher accuracy in pedestrian detection (44.46%) compared
3In Agile3D, branch and model are used interchangeably. to PP-0.16 (40.24%). However, for larger objects like cyclists and
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