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Today’s Al Is too Big
We need TinyML and Green Al

GPT-3: 175 hillion parameters, 355 GPU years to train and cost $4.6M

MIT =
Technology . _
Review  HJ&

Training a single Al model

Common carbon footprint benchmarks can_emit as .mUCh. carbon
P as five cars in their

in Ibs of CO2 equivalent Iifetimes

Roundtrip flight b/w NY and SF (1
passenger)

Deep learning has a terrible carbon footprint.

| 1,984

Human life (avg. 1 year) by Karen Hao June 6,2019

American life (avg. 1 year)

US car including fuel (avg. 1 lifetime)

Transformer (213M parameters)|w/ neural

626,155 “Evolved Transformer with Neural Architecture Search” Lo\ BsEe Ry Bk

architecture search

Chart: MIT Technology Review * Source: Strubell et al. - Created with Datawrapper
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TinyML for Point Cloud & LIDAR Processing PVCNN, NewrPS 19

[SPVNAS, ECCV'20]
- 3D point cloud models: 10x more computationally expensive than 2D CNNs A7 ontAce, JIICRO2H
- Challenge: highly sparse & irregular, large memory footprint

- Random memory access Is unfriendly for CPU/GPU/TPU => customized system & HW 4

Point-Based Feature Transformation (Fine-Grained) Fine-Grained Channel + Elastic Depth Weight Sharing
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[Point-Voxel CNN, NeurlPS’19 spotlight] 'SPVNAS, ECcv20]
New design space, new primitive for point cloud 3D neural architecture search

Algorithm

Hardware System
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[PointAcc, MICRO21] [TorchSparse, open source] L _
LiDAR Scanner
Ill Hardware accelerator for point cloud GPU library for 3D sparse convolutlon . |



TinyML for Point Cloud & LIDAR Processing

Ranks 1st in the nuScenes LIDAR Segmentation Challenge

[PVCNN, NeurlPS’'19]
[SPVNAS, ECCV’20]
[PointAcc, MICRO’21]

Best submission@6th Al Driving Olympics, ICRA 2021

Object Part

Segmentation

2.7X measured speedup

Indoor Scene
Semantic Segmentation

Outdoor Scene
Semantic Segmentation

Real-Time Inference, 2x speedup on Edge Devices

139.9

E PointNet (83.7 mloU) M Ours (85.2 mloU)

6.9x measured speedup

Objects per Second

Jetson Nano Jetson TX2 Jetson NX Xavier Jetson AGX Xavier

2.7X measured speedup
% "Project of the Month” by NVIDIA

== MinkowskiNet == Ours
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PVCNN provides fine details for small objects at low computation

Significant accuracy improvement on safety-critical objects
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MIT Driverless

Accuracy: 95.0%
Range: 8 meters
Latency: 2 ms/object
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TinyML for Point Cloud & LIDAR Processing

Too slow to drive

)
MinkowskiNet -5%

MinkowskiNet
(w/ Kernel Optimization)

Fast-LiDARNet)

7

Real time!

47fps

3D LiIDAR Sensor 3D Point Cloud: 2M points/s Inference Speed (Frames / Second)

Real-World Deployment

[Liu et al. ICRA21]

In collaboration
with Daniela Rus

IAN LA




