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= Computational Challenges: Executing inference on embedded GPUs is essential to reduce

- . Figure 3. Agile3D integrates MEF and CARL for dynamic branch selection based on inputs, contention levels, and
end-to-end latency and maintain data privacy.

latency SLOs. RL-based training along with five novel control knobs ensure adaptability across diverse scenarios.
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Figure 6. Agile3D vs. baselines on Figure /. Agile3D vs. baselines on Figure 8. Agile3D vs. baselines on
Challenges Waymo (Orin). Ours achieves 1-2.5% nuScenes (Orin). Ours has 7-16% KITTI (Xavier). Agile3D adapts to la-

higher accuracy while adapting to la- higheraccuracy than CP-Pillar, PP,and tency SLOs of 50-150 ms, achieving

Embedded 3D detection faces three key challenges: tency SLOs of 50-350 ms, outper- SSN, and meets SLOs of 100-250 ms, 5-/% higher accuracy than PP and CP

1. Computational resources are limited on embedded devices, which often run multiple applica- forming CP, PartA2, and PV-RCNN.  while baselines require over 400 ms.  under the 100 ms SLO.
tions in parallel, leading to resource contention. 1000 - == S (o= v = T oo o e v

2. The transition from 2D to 3D detection introduces new complexities, including the need for a ] ] — Dovrie f_;;: . . . AL e i
specialized 3D Encoder for feature extraction, which involves operations like voxelization and 207 Ll - C | sdoms iatency 510 %2;‘: i
sparse convolutions that increase latency and resource usage. § 400 - —— Tgf*;j: L

3. Real-time systems require adaptability to dynamic environments. Modern autonomous sys- T ke ke o bk ol et < E{E
tems, often equipped with multiple sensors like cameras, LIDARs, and radars, may have multiple T s contemon ey 40 = Slo@100ms  SLO@350ms  SLO@500ms o o T o il
applications sharing the same hardware resources. Additionally, input data from each sensor Figure 9. Agile3D adapts to chang- Figure 10. Agile3D on Waymo (Orin) Figure 11. Switching overhead be-
varies from scene to scene, creating both internal (resource contention) and external (content ing contenﬁoh levels on the Waymo under three latency S.LQSZ Activating tvveeh branches. Mean overhead <1
variability) dynamics. These dynamics require an adaptive solution. test set on Orin under 500 ms latency more control knobs improves accu- ms with pre-buffered models.

Conclusion

Adaptive 3D Object Detection System

Agile3D incorporates a Multi-branch Execution Framework (MEF) and a Contention- and
Content-Aware RL-based controller (CARL). It tunes key 3D components (Fig. 3) to balance la-

tency and accuracy by selecting the optimal branch at runtime. Our scheduler aims to select the oy | o the MEF and CAR| ler Acile3D efficiently buff 13D models in GP
optimal execution branch that meets the latency SLO and maximizes accuracy, achieved through y leveraging the and C controller, Aglles efhciently butters all SD models in PU

Supervised initial training and Direct Preference Optimization (DPO) fine-tuning . memory, engbling rapid model switching within 1 ms. The syst;m feature's two complementary
and innovative controllers: CARL controller for high contention scenarios and DA-LUT con-

troller for contention-free scenarios.

= Across multiple datasets and hardware platforms, Agile3D demonstrates superior adaptability
and better accuracy. It consistently meets latency SLOs—100-500 ms on Waymo (Orin), 100-
250 ms on nuScenes (Orin), 33-75 ms on KITTI (Orin), and 50-100 ms on KITTI (Xavier).

= Agile3D, our adaptive 3D object detection system for embedded GPUs, excels in achieving

SOTA accuracy while consistently meeting stringent runtime latency SLOs across diverse re-
source contention levels.

Model Zoo: The MEF architecture begins with 80+ detector models. We prune suboptimal mod-
els (slow inference or low accuracy) during the initial training stage, leaving 50+ models that
balance speed and precision. The 50+ models collectively require less than 8GB of memory, well
within the 32GB capacity of the embedded GPU. All models are preloaded during system initial-
ization, minimizing runtime latency, with branch switching overhead averaging only 1 ms.
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