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We need Al on Edge Devices

Low User
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However, edge device has low computation power
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Efficient Deep Learning on the Edge

+ Efficient 3D Algorithms:
* PVCNN for efficient point-cloud recognition eurpss, spotight
* [SM for efticient video recognition pcevio

+ Compression/ NAS
* Deep Compression iesis, ICLR16]
¢ PI’OXWGSSNAS, AMC, HAQ 1cLr19, ecovis, cvpr19, oral
* Once-For-All (OFA) Network
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From 2D to 3D Deep Learning
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Training:
ImageNet: 1.2M images

Inference:
ResNet-50: 8G FLOPs
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From 2D to 3D Deep Learning
E y
adding/ X Wing t
Image
Training: ||
- ImageNet: 1.2M images y

Kinetics: 63M frames, 50x t
X
X Inference: _
Point Cloud ResNet-50: 8G FLOPs Video

ResNet-50-13D: 65G FLOPs, 8x

I'IAN LLAls



Efficient Deep Learning on the Edge

+ Efficient 3D Algorithms:
* PVCNN for efficient point-cloud recognition eurpss, spotight
* [SM for efticient video recognition pcevio
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[PVCNN, NeurlPS’19]

3D Deep Learning

3D Part Segmentation 3D Semantic Segmentation 3D Object Detection
(for Robotic Systems) (for VR/AR Headsets) (for Self-Driving Cars)
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[PVCNN, NeurlPS’19]
Efficient 3D Deep Learning: Hardware Bottleneck

B Bandwidth (GB/s) %
A o

=% Sequential Memory Access
Y

|

2 3 4 5 6 7 8

M Random Memory Access

20x slower

7 5 2 4 6 8 3
Mult and Add SRAM Memory DRAM Memory
Off-chip DRAM access is much more Random memory access is inefficient
expensive than arithmetic operation! due to the potential bank conflicts!
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[PVCNN, NeurlPS’19]

Voxel-Based Models: Cubically-Growing Memory

. 80
‘ ‘ ‘ 128 x 128 x 128 resolution
83 GB (Titan XP x 7)
/ \ / \ / \ 7% information loss
= 60
O © O o
N NN - |
g i 64 x 64 x 64 resolution 40
‘ ‘ ‘ g 11 GB (Titan XP x 1)
42% information loss
SN NN 5
O 20
3D ShapeNets [CVPR’15]
VoxNet [IROS’15] 0

3D U-Net [MICCAI'16] 20 40 Vox:IOResolut?oon 100 120
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[PVCNN, NeurlPS’19]

Point-Based Models: Sparsity Overheads

DGCNN B PointCNN B SpiderCNN B Ours

95.1

A
\>¢/
</

PointNet [CVPR’17]

PointCNN [NeurlPS’18] i
DGCNN [SIGGRAPH’19] Irregular Access Dynamic Kernel Actual Computation

57.4

Runtime (%)
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[PVCNN, NeurlPS’19]
Point-Voxel Convolution (PVConv)
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[PVCNN, NeurlPS’19]
Point-Voxel Convolution (PVConv)

Point-Based Feature Transformation (Fine-Grained)
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[PVCNN, NeurlPS’19]
Point-Voxel Convolution (PVConv)

Voxel-Based Feature Aggregation (Coarse-Grained)
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o ¢ Voxelize .
[ ]

Convolve Devoxelize o
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[PVCNN, NeurlPS’19]
Point-Voxel Convolution (PVConv)

Voxel-Based Feature Aggregation (Coarse-Grained)
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Point-Based Feature Transformation (Fine-Grained)
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[PVCNN, NeurlPS’19]
Point-Voxel Convolution (PVConv)

Features from Voxel-Based Branch:
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[PVCNN, NeurlPS’19]

Results: 3D Part Segmentation (ShapeNet)

=== PVCNN — PointCNN — DGCNN — RSNet = 3D-UNet = SpiderCNN = PointNet++ PointNet
* *
86.0 A
85.5 1
3 85.0 - * X 7 *
- *
c
©
S 845 -
ST T - &« k- %
84.0 A B .. L———— T
83'5 T l* T T T T T T T T T T T T T T 1
0 30 60 90 120 150 180 210 0.7 1.0 1.3 1.6 1.9 2.2 2.5 2.8 3.1

GPU Latency (ms)

GPU Memory (GB)
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[PVCNN, NeurlPS’19]

Results: 3D Part Segmentation (ShapeNet)

=== PVCNN — PointCNN — DGCNN — RSNet = 3D-UNet = SpiderCNN = PointNet++ PointNet

<« N <«
86.0 1 2. 7x-speedup . 1+-5xreduction

85.5

85.0 -

Mean loU

84.5 -

84.0 -

83'5 T T T T T T T T 7] T T T T T T T 1
0 30 60 90 120 150 180 210 0.7 1.0 1.3 1.6 1.9 2.2 2.5 2.8 3.1
GPU Latency (ms) GPU Memory (GB)

i FIANLLAla



[PVCNN, NeurlPS’19]

Results: 3D Part Segmentation (ShapeNet)

W PointNet (83.7 mloU) B PVCNN (85.2 mloU)

139.9

Objects per Second

Jetson Nano Jetson TX2 Jetson AGX Xavier
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[PVCNN, NeurlPS’19]

Results: 3D Semantic Segmentation (S3DIS)

== PVCNN == PVCNN++ — 3D-UNet == PointCNN — RSNet — DGCNN = PointNet
57.5 - / * : [ *
55.0 1
-k -k
§ 50.0
=
47.5 A Lt *
45.0 -
42'5 L l* T T T T T T T f T T T T T T
20 60 100 140 180 220 260 300 0.4 1.0 1.6 2.2 2.8 3.4 4.0 4.6
GPU Latency (ms) GPU Memory (GB)
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[PVCNN, NeurlPS’19]

Results: 3D Semantic Segmentation (S3DIS)

=== PVCNN == PVCNN++ = 3D-UNet ~— PointCNN — RSNet — DGCNN = PointNet

57.5 - / * ] [4 *

6.9x speedup 5/7x reduction

55.0 1

52.5 1

50.0 A

Mean loU

47.5

45.0 A

42.5 -

20 60 100 140 180 220 260 300 0.4 1.0 1.6 2.2 2.8 3.4 4.0 4.6
GPU Latency (ms) GPU Memory (GB)
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[PVCNN, NeurlPS’19]

Results: 3D Semantic Segmentation (S3DIS)

Input Scene PointNet

y & &
> Ly _*-;. &
PVCNN

(1.8x faster)

/

Ground Truth
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PointCNN (mloU = 57.3)
Latency: 1129.2 ms / scene

PVCNN (mloU = 59.0)
Latency: 278.0 ms / scene




PointNet 0.25 PVCNN (Ours)
Throughput: 12 scenes / sec Throughput: 21 scenes / sec
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[PVCNN, NeurlPS’19]

Results: 3D Object Detection (KITTI)

GPU Latency GPU Memory Pedestrian Cyclist Car
F-PointNet++ 105.2 ms 2.0 GB 61.6 62.4 72.8
PVCNN 58.9 ms 1.4 GB 60.7 63.6 73.0
(efficient) (1.8x) (1.4x) (-0.9) (+1.2) (+0.2)
PVCNN 69.6 ms 1.4 GB 64.9 65.9 73.1
(complete) (1.5x) (1.4x) (+3.3) (+3.5) (+0.3)
Faster Lower More Accurate
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[PVCNN, NeurlPS’19]

Results: 3D Object Detection (KITTI)

F-PointNet++ PVCNN
(10 FPS) (17 FPS, 1.8x faster)
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[PVCNN, NeurlPS’19]

Point-Voxel CNN
for Efficient 3D Deep Learning

2.7x measured speedup 6.9x measured speedup 1.8x measured speedup
1.5x memory reduction 5.7x memory reduction 1.4x memory reduction

Gold Medal in Lyft Challenge on 3D Object Detection for Autonomous Vehicles

Project Page: http://pvcnn.mit.edu
GitHub: https://github.com/mit-han-lab/pvcnn
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https://github.com/mit-han-lab/pvcnn
http://pvcnn.mit.edu

Efficient Deep Learning on the Edge

+ Efficient 3D Algorithms:
* PVCNN for efficient point-cloud recognition eurpss, spotight
* [SM for efticient video recognition pcevio
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[TSM, ICCV’19]

Background

- Videos are growing explosively: 10% hours of videos are uploaded to YouTube/day
- Efficient Video processing is essential for both Cloud and Edge (e.g., hospitals)

YouTube Uploads: > 300 Hours of Video per Minute

300

250

S (11 Tube

150

# Hours / Minute Uploaded

P ] AN AL ) AN
N N N N N
o o o o o o
I -
i "1 =\
31



[TSM, ICCV’19]
Overview

Efficient spatial-temporal modeling is important for video understanding
2D CNN is more efficient, but it cannot handle temporal modeling

3D CNN can perform joint spatial-temporal feature learning, but it is
computationally expensive

We aim to achieve 3D CNN performance at 2D complexity

> Pulling something from left to right

| Pulling something from right to left

Uiy s, iccvs IAN I.Al=




[TSM, ICCV’19]

Temporal Shift Module (TSM)

- Bi-directional TSM shifts part of the channels along the temporal
dimension to facilitate information exchange among neighboring frames

- Uni-directional TSM shifts channels from past to future for online video
understanding.

- It can be inserted into off-the-shelf 2D CNN to enable temporal modeling at
the cost of zero FLOPs and zero parameters

T HW R
Channel C | /o «—truncate Channel C
C ¥ Z

. | /|pad zero

Temporal T

temporal shift

................

(a) The original ten- (b) Offline temporal (c¢) Online temporal
sor without shift. shift (bi-direction).  shift (uni-direction).
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Latency and Throughput Speedup

- Efficiency statistics and accuracy comparison

51

Accuracy (%)
Ve & &
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.TSMEn

.TSM16F
. TSMsr

‘ ECOq6r

® 13D from [50]

ECOgnLite NL I3D+GCN

‘NL 13D ’

‘BD # Parameters

. ECOw 3M 100M  150M
0 100 200 300 400 500 600 700
FLOPs/Video (G)

TSM, ICCV’19

[TSM, ICCV’19]
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. [TSM, ICCV’19]
Scaling Down: Low-Latency Low-Power

Deployment

Devices  cionNano Jetson TX2 oo cp. Note8 Pixell

CPU GPU CPU GPU

Latency (ms) 47.8 134 364 85 69.6 345 474
Power (watt) 48 45 56 5.8 3.8 - -

LED Bulb Level!

i b MIANIAls,



[TSM, ICCV’19]
Accelerating Video Understanding

I3D: TSM:
Throughput: 6.1 video/s Throughput: 77.1 video/s

b
TSM, ICCV’19 oy o e |

U | | 12.6x higher throughput || AN L. Al




[TSM, ICCV’19]
Accelerating Video Understanding

I3D:
Latency: 164.3 ms/Video

=
~
.- ‘
i

TSM:
Latency: 20.7 ms/Video

= =F
Speed-up: 8x

Mir I'IAN LLAls

TSM,ICCV’19





https://youtu.be/0T6u7S_gq-4
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OB Video Gesture Recognition
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Demo: Robust Object Detection

R-FCN TSM

Mercedes S 65 AMG 1st  Mercedes S 65 AMG 1st



Demo: Robust Object Detection

R-FCN TSM

2D baseline gives false positive prediction due to the flare
TSM can correct such errors with the help of temporal information



[Kinetics 15min, NeurlPS’19 W]

Large-Scale Distributed Training for Videos

e Speedup video training by 200x, from 2 days to 14minutes.

Peak GPU
Performance

Training Time Accuracy

1 SUMMIT Nodes
(6 GPUs)

128 SUMMIT Nodes
(768 GPUs)

49h 50min 74.1% 93TFLOP/s Theoretical: 128x

Actual: 106x
28min 74.1% 12PFLOP/s

Theoretical: 256x
14min 74.0% 24PFLOP/s Actual: 211x

256 SUMMIT Nodes
(1536 GPUs)

1 summiT Noce [E T

256 SUMMIT Nodes

0 12.5 25 37.5 50
| — Time (h) -
I III Lin, Gan, Han, Training Kinetics in 15 Minutes: Large-scale Distributed Training on Videos I' I AN I_ AI:

NeurlPS’19 workshop on System for ML



[Kinetics 15min, NeurlPS’19 W]

Accuracy v.s. Batch size

e The performance of TSM model does not degrade when we scale up the mini-batch

size to 12k.

~ 40

§

S

5 35 -

o,

8

g 30

D

a
'52 ”s | -o- —o——o—o

128 768 1.5k 3k 6k 12k 25k 49k
mini-batch size
Illil- Lin, Gan, Han, Training Kinetics in 15 Minutes: Large-scale Distributed Training on Videos Il I AN I- AI:

NeurlPS’19 workshop on System for ML



[Kinetics 15min, NeurlPS’19 W]

Scalability v.s. Model

e TSM model achieves 1.6x and 2.9x higher training throughput compared to
previous 13D models

. ]1.6%
TSMgr ideal 2.9x

TSMgr actual
- —@— I3D3 « 3«3 actual
—— I3D3x 1 x 1 actual

[S—

o))

W
1

=~
W‘

(\S)
N
-

throughput (videos / second)
;‘.

6 12 24 48 96 192 384 768 1536

- # GPUs _
IIIII Lin, Gan, Han, Training Kinetics in 15 Minutes: Large-scale Distributed Training on Videos I' I In\ N I- A I :

NeurlPS’19 workshop on System for ML
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rdware, Al and Neural-nets

Training Kinetics in 15 Minutes:
Large-scale Distributed Training on Videos

Ji Lin? Chuang Gan? Song Han'

TMIT 2 MIT-IBM Watson Al Lab

Project Page MLSys Workshop
L
[=] 2IN(
"
P S

tsm-hanlab.mit.edu

Overview
« Video analytics (3D CNN) is heavy I;ggrs of video uploaded per minute
» Computation: 10x larger than image.
» Data I/O: 8-32x more data per sample. e °YOUTUbe
+ Networking: 1.5-3x more parameters. 2%
* We propose Temporal Shift Module 125
(TSM) to achieve 3D performance at 2D o
Cost. Jun '07

* TSM scales up to 1.5k GPUs, training Kinetics in 15min.
+ TSM scales down, running 74fps on Jetson Nano.

How to Design Scalable Video Models?

May '19

Scale Up: TSM on Summit Supercomputer
Summit: 6*V100/node

+ 1,536 GPUs, Batch size: 12,288 videos/98,304 frames
» Achieving >80% scalability
+ Training time (Kinetics): 2 days — 15 minutes

25

Time (h)

» Better scalability than 3D CNN
+ 2-3x larger training throughput on same hardware

1 SUMMIT Node

49h 50m |
50

256 SUMMIT Nodes

37.5

1.6
1. Computation efficiency: fewer FLOPs, higher hardware utilization 1ok Exg"idiall ﬁ“x
. actua;
2. Networking efficiency: fewer parameters — fewer gradients — Al —o— 13[)38:3x3 actual
less networking bandwidth —8— I3D3x1x1 actual
3. Data loading efficiency: fewer parameters — less disk 1/O Ik

Temporal Modeling Unit (TSM vs 3D Conv) —1, 2

Backbone Topology —3

T=
T=8 T=8
/0
T=8§ I/ Iy Heaw|G oo
W T=16 Input data e
T=8 Input data w
H H
(a) Straight-up (b) Pooled-up

throughput (videos / second)

1 1 1
192 384 768

9I6
# GPUs
Analyzing Training Efficiency
* Analyzing on AWS

R M 3Dsx; M I3Dswx

48 1536

TSMgr
2.0x

o

: 100% ¢
Compute Time ’

1.5x M /O Time (not hidden)

=3

EN
=3
Z
X

90%

Scalability

Batch Training Time (s)

Training curves (12k)
100 —

bs=96,
bs=96,
- bs=12k,

[train]
[val]
[train]

top-1 error (%)
D >
S S

S
(=]
T

o3
S
(=}

0 60
epochs

» Accuracy v.s. batch size. No degradation at 12k

80 100

N
S

Our Choice

Kinetics top-1 error (%)

&
. 4

1.5k

10
40
40

768 3k 6k 25k 49k

Scale Down: Edge Deployment

* MobileNetV2 + online TSM
+ Compiled with TVM
* Near zero overhead!

@%L

Jetson Nano

LED Bulb
Level!

05 02 85% Devices Rasp. Note8 Pixell
O D CPU GPU

’ Throughput BDu Dot TSMy 1 A e @ FPS 209 746 144 290 2L.1

(a) training throughput (b) data I/O (c) Scalability/networking ~ Power (waw) 48 4.5 38 - -




TSM Dissection: Spatial-Temporal Localization

« Each channel learns different semantics
- Channel 5: Move something away

Illil- N ll‘\li I-I‘\I=46



TSM Dissection: Spatial-Temporal Localization

« Each channel learns different semantics
- Channel 162: Wiping

Mir IFIANLAl3,,



TSM Dissection: Spatial-Temporal Localization

« Each channel learns different semantics
« Channel 446: Push to left

Mir IFIANL.Al3,,



TSM Dissection: Spatial-Temporal Localization

« Each channel learns different semantics
- Channel 647: Flipping Book pages

Mir IFIANL.Al3,,



Efficient Deep Learning on the Edge

+ Compression/ NAS
* Deep Compression iesis, ICLR16]
¢ PI’OXWGSSNAS, AMC, HAQ 1cLr19, ecovis, cvpr19, oral
* Once-For-All (OFA) Network
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before pruning

pruning
synapses

pruning
neurons

e

Pruning

after pruning

[NIPS’15]

Ve

Train Connectivity

J

~\

J

\_
7
-
Prune Connections
\_
7
-
Train Weights
\_

~N

Han, Pool, Tran, Dally, Learning both Weights and Connections for Efficient Neural Networks, NIPS’15

IFIANIL.A


https://arxiv.org/abs/1506.02626

Deep Compression

‘ Pruning: less number of weightS\
/

7

~

l 4
: Train Connectivity ]
original , {
network 1 _ <z
I
|:> ! | Prune Connections
original | _
size | <z
| 4 )
: Train Weights
| I J
\
> D ————
i

N\
\

accuracy

=

Ox-13x |
reduction

[
|
|
1
same :
|
|
|
|

\

7

‘ Quantization: less bits per weight ‘

Cluster the Weights
Iy
4 )
Generate Code Book
\_ Y,
) T
Quantize the Weights
Lwith Code Book
<z
f Y
Retrain Code Book
\_ )

~

\
\

same
accuracy

=

27x-31x |

1reductioni
|

[ICLR"16]

Huffman Encoding

[E ncode Weights]

[ Encode Index ]

same
accuracy

=

| 35x-49x
: reduction

— o ——— —— — -

I'IAN L.Al=



Hardware Acceleration

Compressed 4-bit 16-bit
DNN Model Virtual weight| Weight | Real weight [rerp——
| Encoded Weight Lookup| Prediction ELE v ey wr l =5 Ganriwrs
Relative Index 1 R " > — — -
nout Sparse Format o Index bt
Image Relative Index% Absolute Index

SpMat

Pir_Even Arithm  Plr_Ddd

SpMat

EIE Accelerator ESE Accelerator

Han et al [ISCA'16] Hsgstetp ?p[grPfW/’;g]

Available on AWS Marketplace

Uty o e S R e e toon FIAN LAIlS



https://arxiv.org/pdf/1602.01528.pdf
https://arxiv.org/pdf/1612.00694.pdf

Speedup Image Classification

Before Compression After 2.5X Compression

30FPS 62FPS .
DEEPH;

F ¥ B B



Without Compression With Compression

4 FPS



Accelerating Horse2zebra by GAN Compression

—— o —_

CycleGAN; FLOPs: 56.8G; FPS: 12.1; FID: 61.5

GAN Compression; FLOPs: 3.50G (16.2x); FPS: 40.0 (3.3x); FID: 53.6

Measured on NVIDIA Jetson Xavier GPU ,
I [ I i l- Lower FID indicates better Performance. ‘ I 1 I A N I . A I |




Pruning / Quantization / Deep Compression in Industry

- DeePhi Tech / Xilinx

- Samsung NPU (sparsity-aware NPU in Galaxy Note10)

* Intel NNP-I (comp./decomp. unit support for sparse weights)
» Qualcomm: AIMET (a model efficiency tool) is OS soon.

« Tensorflow / Keras



Machine learning expert
Hardware expert

AutoML

Design efficient neural networks

Training I Deploy

Design efficient Al hardware

Non expert Hardware-Centric
AutoML
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Efficient Deep Learning on the Edge

+ Compression/ NAS
* Deep Compression mirs1s, icLR 6]
ProxylessNAS, AMC, HAQ [ICLR’19, ECCV’18, CVPR’19, oral]
* Once-For-All (OFA) Network

IMir I'IAN LLAl=



AutoML for Architecting Efficient and

Specialized W o

Neural Networks = .t

||||||| felietle) oo
. 6b/7b

Presented at NIPS’18 Workshop

to appear at IEEE Micro 5 | IIIIHHHHH[ E}/fgg t-1
. p |

2% T
EVEEYEY. : HAQ: Hardware-aware
1 5’/ Laggg/t | Automated Quantization

[CVPR 2019], oral
Layer t-1 |
30%

AMC: AutoML for Model Compression
[ECCV 2018]

%xylessNAS: automatically architect efficient neural networks

: 2. AMC: automatic model compression (channel pruning)
Proxvless Neural Architecture Search 3. HAQ: automatic quantization with mixed precision

[ICLR 2019] FIANLLAlS

welght param. .-~

QJONV

3x3



https://ieeexplore.ieee.org/document/8897011

Conventional NAS: High Cost, >$100K!!!

] Normal Train B Conventional NASI[1,2]
>48,000 GPU hours!

10000 ~5$100,000 Cloud Compute Cost

~11,000 pounds of CO2

1000
COz2 Emission:
100 GPU hours human year: 11,000 pounds
100 SF-NY/per: 2,000 pounds

10
1

Search Cost: GPU Hours (h)

| B |
I I I I I [1] B Zoph, QV Le, "Neural Architecture Search with Reinforcement Learning” I | I A N I - A I :

[2] E Real, A Aggarwal, Y Huang, QV Le, “Regularized evolution for image classifier architecture search”



ProxylessNAS: Implementation

-
-
-
-
-
-
-
- =
-
-

4
Weight _, =~ CONV
Parameters 3x3
update B
a B ® <«— Architecture Parameters —»—“a
1 0 0 <« Binary Gate (O:prune, 1:keep) — 0
@ ) fmap in memory

(1) Update We|ght parameters fmap not in memory (2) Update architecture parameters

Only one path in GPU memory. Scalable to a large design space.

n - ProxylessNAS: Direct Neural Architecture Search on Target Task and Hardware, ICLR’19 -
i https://arxiv.org/pdf/1812.00332.pdf IFIANILAl=



https://arxiv.org/pdf/1812.00332.pdf

Ours: Efficiently Search a Model, only $400

| Normal Train B Conventional NAS
I ProxylessNAS

>48,000 GPU hours!
~$100,000 Cloud Compute Cost
~11,000 pound CO2:5 trips from SF-NY

10000

1000

100
>200 GPU hours

~$400 Cloud Compute Cost
~47 pound CO2: 2 human days

10

Search Cost: GPU Hours (h)

n - ProxylessNAS: Direct Neural Architecture Search on Target Task and Hardware, ICLR’19 -
i https://arxiv.org/pdf/1812.00332.pdf IFIANILAl=



https://arxiv.org/pdf/1812.00332.pdf

the Search History on Different HW

00-yoodg

9

Y1°0 LXL 99N

q

Y10 €x¢€ €N

¥1°0 €x€ 99N

Y1°0 LXL 99N

9T°0 £X¢ 99N

Y1°0 LXL €N

P1°0 LXL 99N

P1°0 LXL 99N

P10 LXL €N

910 LXL 99N

Y10 €x€ 9N

91°0 LXL 99N

€€°0 LXL TN

The search history of finding efficient CPU model

ﬁ

Y1°0 LXL 99N

q

¥1°0 €x¢€ €dIN
¥1°0 €x¢ 99N
Y1°0 LXL 99N
91°0 £X¢ 99N

Y1°0 LXL €N

P1°0 LXL 99N
P1°0 LXL 99N
P1°0 LXL €N
91°0 LXL 99N

¥1°0 €x€ 99N

91°0 LXL 99N

€€°0 LXL TN

The search history of finding efficient GPU model
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https://drive.google.com/file/d/1nut1owvACc9yz1ZPqcbqoJLS2XrVPp1Q/view
https://drive.google.com/file/d/1nut1owvACc9yz1ZPqcbqoJLS2XrVPp1Q/view

ProxylessNAS: Speedup on Xilinx ZU3 (Ultra 96)

on board measured results

Without AutoML

With AutoML

Latency
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ProxylessNAS: Speedup on Xilinx ZU9 (ZCU102)

on board measured results

Without AutoML

2.8 ms

With AutoML

1.9 ms

Latency

IMir I'IAN LLAls



ProxylessNAS: Accelerate Super Resolution

CARN
[ECCV’18]

i i'""‘“"‘"'{_g,_\d“
L 2 i WMEJ "'{1 Eﬁ%::f‘ﬁ
OUI’S 41FPS PNSR:21.26




ProxylessNAS in Industry

- Amazon: landed in AutoGluon [1]

®©LUON

- Facebook: landed in PytorchHub [2] Q PyTO rCh

[1] http://autogluon.mxnet.io.s3.amazonaws.com/tutorials/nas/enas _mnist.html
[2] https://pytorch.org/hub/pytorch_vision proxylessnas/

IMir I'IAN LLAls



http://autogluon.mxnet.io.s3.amazonaws.com/tutorials/nas/enas_mnist.html
https://pytorch.org/hub/pytorch_vision_proxylessnas/
http://autogluon.mxnet.io.s3.amazonaws.com/tutorials/nas/enas_mnist.html
https://pytorch.org/hub/pytorch_vision_proxylessnas/

mit-han-lab / ProxylessNAS ® Unwatch~ = 60 % Unstar 901 ¥ Fork 169

<> Code Pull requests 1 Actions EE Wiki @) Security il Insights Settings

[ICLR 2019] ProxylessNAS: Direct Neural Architecture Search on Target Task and Hardware. https://arxiv.org/abs/1812.00332 Edit

automl specialization hardware-aware acceleration on-device-ai efficient-model Manage topics
D 36 commits 1 branch T 0 packages © O releases 22 3 contributors sfs Apache-2.0

Branch: master v New pull request Create new file = Upload files = Find file
Lyken17 Update README.md Latest commit 6ebb9b2 25 days ago
B logs Delete proxyless_mobile_10_latency.txt 7 months ago
B8 proxyless_nas release training code 4 months ago
BB proxyless_nas_tensorflow Update tf_model_zoo.py 6 months ago
B search add search code 3 months ago
B training Update main.py 4 months ago
) .gitignore prepare conf file for pytorch hubs. 2 months ago
[E) LICENSE public release last year
[E) README.md Update README.md 25 days ago
E) eval.py reformat with pep8 8 months ago
E) eval_tf.py reformat with pep8 8 months ago
E) hubconf.py updated relative import 2 months ago

IMir EREADE e - N LAl3
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_—— June 16'20, 2019

Visual Wake Words Challenge using ProxylessNAS

107x ‘ B2x ‘
VWW (Ours) B0.24 < ‘ VWW (Ours) Bl50< ‘

Params (M) MACs (M)

MobileNetV3

______________________________________________

Efficient mobile CNN model IIIAN I_I.\I:




Model Size < 250 KB
Peak Memory < 250 KB

MACs < 60 M



Challenge: Deploying Deep Learning Models on
Diverse Hardware Platforms and Efficiency Constraints

Diverse Mobile Platforms

Galaxy S10, 2019 Galaxy S8, 2017 Galaxy S6, 2015 Galaxy S4, 2013

Diverse Efficiency Constraints

(=3
[oi]

i |
(I

battery/energy workloads/latency application

I|Ii|- « A mobile Application has to support both a 2013 phone and a 2019 phone. Often a headache! IIII.\N I_I.\I: "



Efficient Deep Learning on the Edge

+ Compression/ NAS
* Deep Compression iesis, ICLR16]
¢ PI’OXWGSSNAS, AMC, HAQ 1cLr19, ecovis, cvpr19, oral
Once-For-All (OFA) Network

IMir I'IAN LLAl=



Traditional NAS Approaches: Expensive and Unscalable

Architecture Train from Edge,
Design Scratch Full battery
®
Architecture Train from Edge,
Design Scratch Low battery
[

Repeated architecture
design and model training :

-+ Traditional approaches repeat the architecture design process and retrain the specialized model from
scratch for each case

Uiy IAN I.Al=.,



Traditional NAS Approaches: Expensive and Unscalable

p— A . . .
Aot ol om Edge, I Previous: O(N) design cost
Design Scratch Full battery
Architecture Train from Edge,
Design Scratch Low battery
o

< 0 20 40 60 80
Number of Deployment Scenarios

Design Cost

>

] N I:I:U:E ‘QD
Repeated architecture & E D aei=lf B

..... Guumm A
design and model training :

Different Hardware / Constraint

-+ Traditional approaches repeat the architecture design process and retrain the specialized model from
scratch for each case

« The total cost grows linearly as the number of deployment scenarios increases

Mir IFIANL.Al3,,




Traditional NAS Approaches: Expensive and Unscalable

B N=40 B N=100

ProxylessNAS - 14.3k

-
3.5-car lifetime! 9-car lifetime!

1134.5k
CO, emission (Ibs)

FBNet

MnasNet

. Excessive C02 emission, causing severe environmental problems

Uiy IAN L.Al=,



Once-for-All Network:
Decouple Model Training and Architecture Design, O(1) Cost

train a once-for-all network

/pemallzedlsub nets\

J direct deploy\], (no retrain) |,

Edge, Edge,
Full battery Low battery
[ J

* We introduce Once for All (OFA) to tackle the challenge of deep learning deployment on many hardware and constraints

Cloud

* In OFA, model training is decoupled from architecture search
- * A single OFA network is trained to support all architectural configurations in the search space }
|||" » Specialized sub-networks are directly derived from the OFA network without retraining Il I A N I_ A I =




Once-for-All Network:
Decouple Model Training and Architecture Design, O(1) Cost

train a once-for-all network W Previous: O(N) design cost
B Ours: O(1) design cost

>

16x~1300x
reduction

O O O—
>

Design Cost

/pemallzedlsub nets\

| direct deploy\l, (no retrain)

Edge, Edge,
Full battery Low battery

Q

0 20 40 60 80
Number of Deployment Scenarios

e 51_@ D :-:-:l; Iﬂ
: - é I-I I.IE B
Different Hardware / Constraint

* We introduce Once for All (OFA) to tackle the challenge of deep learning deployment on many hardware and constraints

* In OFA, model training is decoupled from architecture search
- * A single OFA network is trained to support all architectural configurations in the search space }
|||" » Specialized sub-networks are directly derived from the OFA network without retraining. O(1) cost. I'IAN I_AI:

Cloud




Once for All: Decouple Model Training and
Architecture Design, O(1) Cost

B N=40 B N=100
ProxylessNAS - 14.3k
FBNet - 16.3k 3.5 car-lifetime! 9 car-lifetime!
3000x

OFA | 0.3k « 4

AN

only 10 human-day CO, emission (Ibs)

- - Excessive CO, emission, causing severe environmental problems .
I"lii : 0 P FIANI.Ala_,



Progressive Shrinking for Training OFA Networks

.............

P L L L B L L L L T R,
- -~ -

: Kez, 53 7 D € [4, 3] j‘ WETD 4
Q ! N -
(sample K at each Iay%g i [ Sample D at each )WE i ( Channel sorting

P -

. P unit; sample K A | (an 4)
— - < L = )

- i~ Generate kernel -~ Keep the first D layers) |/ | I S | W t h
—— lTram full I ; PN P y : ample W at eac
network EDK weights (Fig. 3) '$ at each unit (Fig. 3) J |: '$ layer; sample K, D
_—— e | = )J P =
K=7 j| (Pl el &],/5 [ Fine-tune weights )J [ Fine-tune weights

Elastic Resolution D=4 ‘-.kransformatlon matrix

R E[128, 132, ...,224] W=6 “Elastic Kernel Size “Elastic Depth Elastic Width
‘ D=4, W=6 W =6,K € [7, 5, 3] DE4,3,2,KE]7,5,3]
) t I\
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Top-1 ImageNet Acc (%)

81

80

79

78

77

76

OFA: 80% Top-1 Accuracy on ImageNet
Outperforms EfficientNet by a Large Margin

¥* OFA
similar acc
80.0 1.5x fewer FLOPs
- —079.8
..°°7.8‘.8
76.9
5.76.3
200 400 600 800 1,000 1,200

FLOPs (M)

Top-1 ImageNet Acc (%)

< EfficientNet

81

80

79

78

77

76

76.9

80.0 2.5x Iatency reduction

79.7 T

$76.3

similar acc
. .o
o *79.8
e

.78.8

similar.1étency
3.7% higher acc

0 50 100 150 200 250 300 350 400
Google Pixel1 Latency (ms)
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OFA: 80% Top-1 Accuracy on ImageNet
Outperforms EfficientNet by a Large Margin

¥* OFA < EfficientNet
81 i 81
Similar acc similar acc
:\3 80.0 1-5x fewer FLOps § 80.0 2.5x latency requcti
o 80 ——o 108 o 80 79748 e
<ch <LE) T .,-"79.8
T 79 T 79
0'78. &
z Rl < +78.8
(o) o) K
g 78 g /8 similar. latency
— 76.9 — 3.7% higher acc
S ) 76.9 :
Q 77 Q 77
S ,. © ..
¢ 76.3 ©76.3
76 76
200 400 600 800 1,000 1,200 0O 50 100 150 200 250 300 350 400
FLOPs (M) Google Pixel1 Latency (ms)

.o EfficientNet: initial learning rate 0.25 s by 0.97 every 2.4 epochs _
I IIAN LAIs,,



Top-1 ImageNet Acc (%)

Top-1 ImageNet Acc (%)

77

75

73

71

69

67

OFA Enables Fast Specialization

Outperforms MobileNet-v3 by a Large Margin across Many Devices

»* OFA#25 o OFA

A 67.4

20 26 32 38 44 50 56 62 68

77

~
(¢

~
w

~
—

(o2}
©

(o]
~

Samsung Note8 Latency (ms)

K674
18 24 30 36 42 48 54 60
Google Pixel1 Latency (ms)

Top-1 ImageNet Acc (%)

Top-1 ImageNet Acc (%)

77

~
o

~
w

~
—

(o2}
©

67

77

75

73

71

69

5 67.4

7 9 1 13 15 17 19 21 23

Samsung Note10 Latency (ms)

75.8

&7 567.4
23 28 33 38 43 48 53 58 63 68
Google Pixel2 Latency (ms)

Top-1 ImageNet Acc (%)

Top-1 ImageNet Acc (%)

77

~
o

~
w

~
—

(o2}
©

(&}
N

+ MobileNetV3-Large 4 MobileNetV3-Small

A67.4

7 10

77

75

73

71

69

67

13 16 19 22 25
LG G8 Latency (ms)

2674

76.3

50 80

110 140 170 200 230
FLOPs (M)
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77

73

69

65

62

58

OFA for FPGA Accelerators

»* OFA

73.6

_.°'63.3

¢ 59.1

1.5 2.0 2.5 3.0 3.5
Xilinx ZU9EG FPGA Latency (ms)

4.0

<& MobileNetV2

77

73.7
72.8 e}
73
o * .o
71.5
69
65
9633
62 :
50 1
58
3.0 4.0 5.0 6.0 7.0 8.0

Xilinx ZU3EG FPGA Latency (ms)
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OFA: Higher Arithmetic Intensity on FPGA

] MobileNet-v2 [ MnasNet B Ours

_. 50.0
()
=4
Q
L 375
o
=
D 250
()]
<
O
= 125
=
=
< 00

i on board measured results IFIAN LAl



OFA for Video?

IMir I'IAN LLAls



- Experiments on Kinetics dataset (the mostly used, largest benchmark)

Top-1 Accuracy (%)

OFA for Video TSM: VideoNAS

75

74

/3

72

71

70

69

X VideoNAS ® TSM A |3D
VNAS-large R50-TSM
% O

A
R50-13D
#8 VNAS-small
@ Vvbv2-Tsm
10 20 30

Computation (GFLOPSs)

40
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OFA for Video TSM: VideoNAS

- Experiments on Kinetics dataset (the mostly used, largest benchmark)

75

74

/3

72

71

Top-1 Accuracy (%)

70

69

X VideoNAS ® TSM A 3D
VNAS-| R50-TSM
arge Same Acc. S
% e D @
7x less computation
R50-13D
#8 VNAS-small
A
Same Comp.
+3.0% Acc.
@ Vvbv2-Tsm
10 20 30

Computation (GFLOPSs)

40

IAN I.Als



OFA for NLP?

IMir I'IAN LLAls



HAT: Hardware-Aware Transformer

Bleu Score

29

28

27

26

25

24

Ox Faster

¥ Transformer-Big

’
’
s

’
! Transformer-Base

WMT "14 En-De

—— [

3.7x Smaller ___.----- /

3

7 11 16
Raspberry Pi ARM CPU latency (s)

20
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Bleu Score

Bleu Score

29

28

27

26

25

24

42

41

40

39

38

37

HAT: Hardware-Aware Transformer

O HAT (Ours)

_3x Faster
3.7x Smaller __..---- /
p--T Transformer-Big
':' Transformer-Base
WMT 14 En-De
3 7 11 16 20
Raspberry Pi ARM CPU latency (s)
/ 3.0x Faster
3.6x Smaller ___...-----" T
;j‘i ------ Transformer-Big
," Transformer-Base
I:|' ,
WMT 14 En-Fr
3 8 13 18 23

Raspberry Pi ARM CPU latency (s)

Layer Number Scaling of Transformer (Vaswani et al.)

lL29

28

27

26

25

24

42

41

40

39

38

37

29
1.6x Faster
________ /| 28
L “Transformer-Big
: 27
v Transformer-Base
26
o 25
=]
WMT 14 En-De ot
100 228 355 483 610
Intel CPU latency (ms)
35.0
2x Faster 4
&= " Transformer-Bi
; \ ransformer-Big 344
,"Transformer-Base
33.8
" ;
WMT '14 En-Fr
. . . 33.2
120 275 430 585 740

Intel CPU latency (ms)

£ Dimension Scaling of Transformer (Vaswani et al.)

Transformer-Big
N

1.5% Faster ———

Transformer-Base

Dimension scaling
can hardly reduce latency
on Nvidia GPU

6}

WMT '14 En-De

>--q

i

| 4

40

96 153 209
Nvidia GPU latency (ms)

265

—

1.8x Faster

IWSLT "14 De-En.

Transformer-Base,

n----------

40

81 122 162
Nvidia GPU latency (ms)

On WMT’14 En-De, same performance, 3.7x smaller model size;
3x, 1.6x, 1.5x faster on Raspberry Pi, CPU, GPU, respectively than Transformer Baseline

203
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HAT: Hardware-Aware Transformer

Hardware- Hetero. COze Cloud
Aware  Layers Latency #Params BLEU GPU Hours (Ibs) Computation Cost
Transformer X X 23.2s 176M  41.2 8% 30 68 $178 - $595
WMT’14 Evolved Transformer X X 20.9s 175M  41.3 8x274K 626K $1.6M - $5.5M
En-Fr  HAT (Ours) v v 7.8s 48M 414 8x(13+14) 6l $159 - $534
HAT (Ours) v Ve 9.1s 57TM 41.8 8x(13+15) 64 $166 - $555

FIANL.Al=



HAT is Environmental Friendly

Human Life

(Avg. 1 year) 11,023

American Life
(Avg. 1 year) 36,156

US Car w/ Fuel

(Avg. 1 lifetime) 126,000
E:laori\é?grmer 626,155
HAT (Ours) 52 < 12041 x ‘

0 175K 350K 525K 700K

CO2 Emission (Ibs)

CO2 Emission of HAT training is only $2 pounds, while that of
Evolved Transformer is 626,155 pounds

i FIAN LA



HAT is Quantization Friendly

BLEU Model Size Reduction

Transformer Float32 41.2 705MB —

HAT Float32 41.8 227MB 3 X
HAT 8 bits 41.9 S7TMB 12 %
HAT 4 bits 41.1 28MB 25 X

FIANL.Al=



NeurlPS MicroNet Challenge (NLP Track)

Sparsity Quantization Test Perplexity

Model 1 42.12%
Model 2 40.12% 9 bits 34.65 0.0485

Model 3 33.85% 8 bits 34.95 0.0475

Winning 1st place in the NeurlPS MicroNet Challenge



Resource is Limited.

We need Once-For-All.



Efficient Deep Learning on the Edge

+ Efficient 3D Algorithms:
* PVCNN for efficient point-cloud recognition eurpss, spotight
* [SM for efticient video recognition pcevio

+ Compression/ NAS
* Deep Compression iesis, ICLR16]
¢ PI’OXWGSSNAS, AMC, HAQ 1cLr19, ecovis, cvpr19, oral
* Once-For-All (OFA) Network

IMir IFIAN LA



Make Al Efficient

Any Human Resource

Any Computational Resource

1T AN LA

Hardware, Al and Neural-nets

hanlab.mit.edu
ogithub.com/mit-han-lab



http://hanlab.mit.edu
http://github.com/mit-han-lab

