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Challenge: Efficient Inference on Diverse Hardware

Platforms
Cloud Al Mobile Al Tiny Al (AloT)
less less

—_— —

resource resource
|
 Memory: 32GB  Memory: 4GB e Memory: <100 KB
 Computation: TFLOPS/s  Computation: GFLOPS/s e Computation: <MFLOPS/s

* Different hardware platforms have different resource constraints. We need to customize
our models for each platform to achieve the best accuracy-efficiency trade-off,
especially on resource-constrained edge devices.
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Challenge: Efficient Inference on Diverse Hardware
Platforms

Design Cost (GPU hours)
—————————————————————————————————————————

l 200

for training iterations:
forward-backward();

H H
[
I I I I I The design cost is calculated under the assumption of using MobileNet-v2. I I A N I - I‘\ I : 4



Challenge: Efficient Inference on Diverse Hardware
Platforms

Design Cost (GPU hours)

. 40K

(1) for search episodes:

for training iterations:
forward-backward();
If good _model: break;

for post-search training iterations:
forward-backward();

N N [ |
I I I I I The design cost is calculated under the assumption of using MnasNet. I O I A N I . I.\ I =
)

[1] Tan, Mingxing, et al. "Mnasnet: Platform-aware neural architecture search for mobile." CVPR. 2019.
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Challenge: Efficient Inference on Diverse Hardware

(2)for devices:
(1) for search episodes:

for training iterations:
forward-backward();
If good _model: break;

for post-search training iterations:
forward-backward();

Platforms

Diverse Hardware Platforms

2019 2017 2015

Design Cost (GPU hours)

. 40K

2013

I I I I I The design cost is calculated under the assumption of using MnasNet.

[1] Tan, Mingxing, et al. "Mnasnet: Platform-aware neural architecture search for mobile." CVPR. 2019.
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Challenge: Efficient Inference on Diverse Hardware
Platforms

Diverse Hardware Platforms

Cloud Al (10'? FLOPS) Mobile Al (10° FLOPS) Tiny Al (10° FLOPS)
(2)for many devices: Design Cost (GPU hours)

(1) for search episodes:

_
for training iterations:

forward-backward(); _ 160K
f'good_model: break: N °°K

for post-search training iterations:
forward-backward();

[ |
I I I I I The design cost is calculated under the assumption of using MnasNet. I O I A N I . I.\ I =
[1] Tan, Mingxing, et al. "Mnasnet: Platform-aware neural architecture search for mobile." CVPR. 2019. /
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Challenge: Efficient Inference on Diverse Hardware
Platforms

Diverse Hardware Platforms

Cloud Al (10'? FLOPS) Mobile Al (10° FLOPS) Tiny Al (10° FLOPS)
(2)for many devices: Design Cost (GPU hours)

(1) for search episodes:

. 40K — 11.4k Ibs CO2 emission

for training iterations:

160K — 45.4k Ibs CO2 emission
forward-backward(); _
f good_model:break I co0x 4544 s COxaission

for post-search training iterations:
forward-backward();

H
I I I I I 1 GPU hour translates to 0.284 Ibs CO2 emission according to I O I A N I . I.\ I =
Strubell, Emma, et al. "Energy and policy considerations for deep learning in NLP." ACL. 2019. 8
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Problem:

TinyML comes at the cost of BigML

(inference) (training/search)

Artificial intelligence / Machine learning

We need Green Al: Training a single Al model

Solve the Environmental Problem of NAS  can emit as much carbon
as five cars in their
lifetimes

Deep learning has a terrible carbon footprint.

Common carbon footprint benchmarks
in Ibs of CO2 equivalent

by Karen Hao June 6,2019

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

| 1,984

The artificial-intelligence industry is often compared to the oil industry: once

Human life (avg. 1 year
( g- 1y ) mined and refined, data, like oil, can be a highly lucrative commodity.

American life (avg. 1 year) Now it seems the metaphor may extend even further. Like its fossil-fuel

' counterpart, the process of oS AN S R AR e
US car including fuel (avg. 1 lifetime) 126,000 —
Transformer (213M parameters) w/ neural , ,
architecture search 626,155 ICML™9, ACL19
III. - Ours I 52 <« 4 orders of magnitude ACL'20 Il I I\ N I I\I
" Chart: MIT Technology Review * Source: Strubell et al. - Created with Datawrapper Hardware-Aware Transformer “ AV



OFA: Decouple Training and Search

Conventional NAS Once-for-All:
(2) for devices: for OFA training iterations: o
. forward-backward(); training
(1) for search episodes: orward-backwardi), \
S yrwprenms EE I U decouple-------------
for training iterations: => for devices: .
forward-backward(); for search episodes: search
if good_model: break; Emé'é'r'ﬁb'l'é"f'r'c')"r'h"ﬁl'—;ﬁ';mi
for post-search training iterations: |ngod_mode|break
forward-backward(); direct deploy without training;:
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Challenge: Efficient Inference on Diverse Hardware
Platforms

/ Diverse Hardware Platforms \
l

© J () »

@ud Al (10'* FLOPS) Mobile Al (10° FLOPS) Tiny Al (10° FLOPS) J
for OFA training iterations: o Design Cost (GPU hours)
forward-backward(); training———m™

. 40K — 11.4k Ibs CO2 emission
-------------------------------------------------------- decouple

for devices: v
: search_ 160K — 45.4k Ibs CO2 emission
for search episodes:

------------------------------------------ 1600K — 454.4k Ibs CO2 emission
-: Once-for-All Network

R R e R e e EEEEEE R EE Rk =
I II I I 1 GPU hour translates to 0.284 Ibs CO2 emission according to I O I A N I - A I =
11

Strubell, Emma, et al. "Energy and policy considerations for deep learning in NLP." ACL. 2019.
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Once-for-All Network:

Decouple Model Training and Architecture Design
once-for-all network

Once-r-AII, ICLR’20 I'IAN I.AI: 5
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Once-for-All Network:

Decouple Model Training and Architecture Design
once-for-all network
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Once-for-All Network:

Decouple Model Training and Architecture Design
once-for-all network
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Once-for-All Network:

Decouple Model Training and Architecture Design
once-for-all network
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Challenge: how to prevent different subnetworks
from interfering with each other?

P A
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Solution: Progressive Shrinking

. More than 10! different sub-networks in a single once-for-all network, covering

4 different dimensions: resolution, kernel size, depth, width.
 Directly optimizing the once-for-all network from scratch is much more challenging
than training a normal neural network given so many sub-networks to support.

My Once-for-All, ICLR'20 IIAN . Ala
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Solution: Progressive Shrinking

. More than 10! different sub-networks in a single once-for-all network, covering

4 different dimensions: resolution, kernel size, depth, width.

 Directly optimizing the once-for-all network from scratch is much more challenging
than training a normal neural network given so many sub-networks to support.

-~

\_

Train the
full model

J

Progressive Shrinking

ghrink the mode\I

(4 dimensions)
\_ J

\

both large and

\_

(Jointly fine-tune |

small sub-network§

__—

« Small sub-networks are nested in large sub-networks.
» Cast the training process of the once-for-all network as a progressive shrinking and
joint fine-tuning process.

Once-for-All, ICLR’20

once-for-all
network
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~

\_

Train the
full model

J

-~

\_

Train the
full model

Connection to Network Pruning

J

>

Network Pruning

R Shrink the model R Fine-tune , single pruned
(only width) the small net network

— /

Progressive Shrinking

Fine-tune

Shrink the model R both large and

(4 dimensions)

once-for-all
network

small sub-nets

\ /

* Progressive shrinking can be viewed as a generalized network pruning with much
higher flexibility across 4 dimensions.
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Keep the most important channels when shrinking via channel sorting
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Full Elastic
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Keep the most important channels when shrinking via channel sorting
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progressively shrink the width
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Full Elastic
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Progressive Shrinking
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train with full width

progressively shrink the width

Gradually shrink the width
Keep the most important channels when shrinking via channel sorting
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progressively shrink the width
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Progressive Shrinking
put it together:

-----------------------------------------------------------------------------

~

e m e EEE AR s R s E RS e S e . e ... .., e e L R
Py ~

7TKET, 5,3 . D €[4, 3] ) W, 4 )
s L N i )
;@ample < at each Iaye}s C Sample D at each ]WE C Channel sorting ] )

. L unit; sample K \ | (Fig. 4)
_ i = L I ) E

. . L - )| E N Once-
Train full |A:f Generate kernel . \i(Keep the first D layers) |/ |: Sample W at each }
network ¢[ weights (Fig. 3) ¢ at each unit (Fig. 3) ) | $ layer; sample K, D /| §|$for-all

\_ J <> L s AR g g 1) Network
—_— (" Fine- i L )J i )/
K=7 i(Fme tune vyelghts &]J ; ( Fine-tune weights ]J C Fine-tune weights}

Elastic Resolution D =4 ransformation matrix

--------------------------------------

.........
-------------------------------------------------------------------------------------------------------------

R E[128,132, ..., 224] W =6 Elastic Kernel Size Elastic Depth Elastic Width
‘ T D=4, W=6 W =6,KE[7,5,3] DE4,3 2, KE[7,5,3]
t t t

i Once-for-All, ICLR’20 I'IAN LA 63
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Performances of Sub-networks on ImageNet

- w/o PS N w/PS
< 5 H
—_ = 3.5%:

s : 3.7%: 5

- 3.4%: : é

5 : i

kS

©

Z

)

O)

0]

£
D=2 D=2 D=4 D=4 D=4 D=4
W=6 W=6 W=3 W=3 W=6 W=6
K=3 K=7 K=3 K=7 K=3 K=7

Sub-networks under various architecture configurations
D: depth, W: width, K: kernel size

* Progressive shrinking consistently improves accuracy of sub-networks on ImageNet.

My Once-for-All, ICLR'20 I"IAN . Al
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How about search?

for OFA training iterations:

tral?lng forward-backward();
------------- AE@CQUDIE wrvves+eereeemms s
\ for devices:
search

for search episodes:

My Once-for-All, ICLR'20 I"IAN . Ala
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Top-1 ImageNet Acc (%)

81

30

79

/8

77

/6

> OFA
<> EfficientNet

2.6x faster than EfficientNet
1.5x faster than MobileNetV3

> OFA
<> MobileNetV3

80.1
79.8 /A

78.7

2.6x faster

3.8% higher
accuracy

|
¢76.3

788

.0
798

0 50 100 150 200 250 300 350 400

Google Pixel1 Latency (ms)

Top-1 ImageNet Acc (%)

77

75

71

69

6/

76.4
" 75.2
3.3
1.5x faster-
71.4 g
A
2'70.4
4% higher
aquracy
- 67.4
18 24 30 36 42 48 54 60

Google Pixel1 Latency (ms)

Training from scratch cannot achieve the same level of accuracy

Once-for-All, ICLR’20
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Top-1 ImageNet Acc (%)

81

30

79

/8

77

/6

More accurate than training from scratch

> OFA
<> EfficientNet
O OFA - Train from scratch

> OFA
<> MobileNetV3
O OFA - Train from scatch

144
76.4
< 2.6x faster 75 Y L :
: g < e 75.2
3 g 73.3
N < - .. 73.3
» o = 13 ' 1.5x faster"
L >
s E 71 4
| 3.8% .hi'gher by . .-'9. r0.4
accuracy ks [ 4% higher
- 69 accuracy
° 576.3 674
67
0 50 100 150 200 250 300 350 400 18 24 30 36 42 48 54

Google Pixel1 Latency (ms)

Google Pixel1 Latency (ms)

Training from scratch cannot achieve the same level of accuracy

Once-for-All, ICLR’20
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OFA: 80% Top-1 Accuracy on ImageNet

14x I|ess compytation

81 | |
------------------------------------------------------------------------------------ -‘
595M MACs | Xception
80.0% Top-1 InceptionV3 P
79 — ResNetXt-50 —
NASNet-A
;\3 DPN-92
> MBNetv3 DenseNet-169 ResNetXt-101
§ ° ProxylessNAS DenseNet-264
- )
§ AmoebaNet DenseNet-121
1%_75 B a MBNetV?2 ResNet-101 —
— PNASNet . ResNet-50
g ShuffleNet InceptionV2
S 73 - DARTS oM 4M 8M 16M 32M 64M .
@
|IGCV3-D .

E Model Size The higher the better

71— O P

© MobileNetV1 (MBNetV1)
Handcrafted AutoML
50 | | | | | The Iowe|r the better
0 1 2 3 4 5 6 7 8 9
MACs (Billion)

Once-for-all sets a new state-of-the-art 80% ImageNet top-1 accuracy under
the mobile vision setting (< 600M MACs).

Once-for-All, ICLR’20

MANIAla


https://arxiv.org/abs/1908.09791

OFA: 80% Top-1 Accuracy on ImageNet

o "y 14x less computation
e e T e L y
St for- - Xception
80.0% TOp-1: ‘l Once-for-All (OUFS) |ncept|onv3
I
791 l' ° EfficientNet ° NASNet-A ResNetXt-50 N
]
9 : : DPN-92
~ 1
~ - | MBNetV3, DenseNet-169 ResNetXt-101
o °§ FiroxylessNAS DenseNet-264
> |
§ : AoebaNet DenseNet-121
‘é_75 — : a MBNetv?2 ResNet-101 n
= i PNASNet . ResNet-50
= : ShuffleNet InceptionV2
[ |
@73— : DARTS oM 4M 8M 16M 32M 64M ~
o " :
IGC\3-D .
£ v Model Size The higher the better
e * M
+ © MobileNetv1 (MBNetV1)
' h Handcrafted  AutoML
v ! The lower the better
69 - | | | | | |
0) ‘o 1 2 3 4 ) 6 7 8 9
MACs (Billion)
Mobile Setting
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OFA Enables Fast Specialization on Diverse Hardware Platforms
> OFA + MobileNetV3 <> MobileNetV2

Top-1 ImageNet Acc (%)

Top-1 ImageNet Acc (%)
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Top-1 ImageNet Acc (%)

Top-1 ImageNet Acc (%)
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Diverse Hardware Platforms, 50+ Pretriained Models are
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Xilinx ZUSEG FPGA Latency (ms)

OFA based on FLOPs

e flops@595M_top1@80.0_finetune@75
e flops@482M_top1@79.6_finetune@75
e flops@389M_top1@79.1_finetune@75

OFA for Mobile Phones

LG G8

e LG-G8_lat@24ms_top1@76.4_finetune@25
e LG-G8_lat@16ms_top1@74.7_finetune@25
e LG-G8_lat@11ms_top1@73.0_finetune@25
e LG-G8_lat@8ms_top1@71.1_finetune@25

Google Pixel1

e pixell_lat@143ms_top1@80.1_finetune@75
e pixell_lat@132ms_top1@79.8_finetune@75
e pixell_lat@79ms_top1@78.7_finetune@75
e pixell_lat@58ms_top1@76.9_finetune@75
e pixell_lat@40ms_top1@74.9_finetune@25
e pixell_lat@28ms_top1@73.3_finetune@25
e pixell_lat@20ms_top1@71.4_finetune@25

Google Pixel2

e pixel2_lat@62ms_top1@75.8_finetune@25
e pixel2_lat@50ms_top1@74.7 finetune@25
e pixel2_lat@35ms_top1@73.4_finetune@25
e pixel2_lat@25ms_top1@71.5_finetune@25

OFA for Desktop (CPUs and GPUs)

1080ti GPU (Batch Size 64)

e 1080ti_gpu64@27ms_top1@76.4_finetune@25
e 1080ti_gpubd4@22ms_top1@75.3_finetune@25
e 1080ti_gpu64@15ms_top1@73.8_finetune@25
e 1080ti_gpu64@12ms_top1@72.6_finetune@25

Jetson TX2 GPU (Batch Size 16)

e tx2_gpul6@96ms_top1@75.8_finetune@25
e tx2_gpu16@80ms_top1@75.4_finetune@25
e tx2_gpul6@47ms_top1@72.9_finetune@25
e tx2_gpul6@35ms_top1@70.3_finetune@25

Released

Samsung Note8

e note8_lat@65ms_top1@76.1_finetune@25
¢ note8_lat@49ms_top1@74.9_finetune@25
¢ note8_lat@31ms_top1@72.8_finetune@25
e note8_lat@22ms_top1@70.4_finetune@25

Samsung Note10

e note10_lat@64ms_top1@80.2_finetune@75
e note10_lat@50ms_top1@79.7 finetune@75
¢ note10_lat@41ms_top1@79.3_finetune@75
e note10_lat@30ms_top1@78.4_finetune@75
¢ note10_lat@22ms_top1@76.6_finetune@25
¢ note10_lat@16ms_top1@75.5_finetune@25
¢ note10_lat@11ms_top1@73.6_finetune@25
e note10_lat@8ms_top1@71.4_finetune@25

Samsung S7 Edge

e s7edge_lat@88ms_top1@76.3_finetune@25
e s7edge_lat@58ms_top1@74.7_finetune@25
¢ s7edge_lat@41ms_top1@73.1_finetune@25
e s7edge_lat@29ms_top1@70.5_finetune@25

V100 GPU (Batch Size 64)

e v100_gpub64@11ms_top1@76.1_finetune@25
e v100_gpub64@9ms_top1@75.3_finetune@25
e v100_gpub64@6ms_top1@73.0_finetune@25
¢ v100_gpu64@5ms_top1@71.6_finetune@25

Intel Xeon CPU with MKL-DNN (Batch Size 1)

e cpu_lat@17ms_top1@75.7 finetune@25
e cpu_lat@15ms_top1@74.6_finetune@25
e cpu_lat@11ms_top1@72.0_finetune@25
e cpu_lat@10ms_top1@71.1_finetune@25

I"IAN L. Al3,
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OFA for FPGA Accelerators

| MobileNetV2 MnasNet [ OFA (Ours)

o
O
o

80.0

0

A
40% .
higher

57% !

W
~
o

12.5

ZU3EG FPGA (GOPS/s)
N N
o o
o o

O
o

0.0

Arithmetic Intensity) (OPS/Byte)
N
@)
o

Measured results on & XILINX FPGA

* Non-specialized neural networks do not fully utilize the hardware resource. There is a large room for
improvement via neural network specialization.
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MIT ——
Technology ___
Review
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L
i |

We need Green Al

S O Ive th e E nVi ro n m e n ta I P ro b I e m of N AS Artificial intelligence / Machine learning

Training a single Al model
can emit as much carbon
as five cars in their
lifetimes

Deep learning has a terrible carbon footprint.

Common carbon footprint benchmarks
in Ibs of CO2 equivalent

by Karen Hao June 6,2019

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

| 1,984

The artificial-intelligence industry is often compared to the oil industry: once
mined and refined, data, like oil, can be a highly lucrative commodity.

Human life (avg. 1 year)

Now it seems the metaphor may extend even further. Like its fossil-fuel

’
counterpart, the process of (S TR LRI VARSI g0 11051 7]
126,000 ——

Transformer (213M parameters) w/ neural
architecture search ~ FEvovedTnsformer

N N L]
, . . |
IIIII Chart: MIT Technology Review * Source: Strubell et al. * Created with Datawrapper I II‘\N I-A -

American life (avg. 1 year)

US car including fuel (avg. 1 lifetime)




Human life
(avg. 1 year)

American life
(avg. 1 year)

US car with fuel
(avg. 1 lifetime)

How to save CO2 emission

126,000

MnasNet

1,335x%

OFA (Ours) i340 <
0

100,000 200,000 300,000 400,000
CO> Emission (Ibs)

454,000

1. Once for all: Amortize the search cost

across many sub-networks and
deployment scenarios

Once-for-All, ICLR’20

Human life
(avg. 1 year)

American life
(avg. 1 year)

US car with fuel
(avg. 1 lifetime)

Evolved
Transformer

Lite Trasformer
(Ours)

res
rces

> > Q (O]

FFN Attention FF

eauires TR B
11,023 reso“rc‘%; ° | SRA (Ours) —»D - - - D—»
e . ]
36,156 <. T Q,c-@
126,000
626,155
132< 19,567
0 200,000 400,000 600,000

CO> Emission (1bs)

2. Lite-transformer: Human-in-the-loop
design. Apply human insights of HW&ML,
rather than “just search it”

Lite Transformer, ICLR’20
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OFA has broad applications

* Efficient Transformer
» Efficient Video Recognition

e Efficient 3D Vision

» Efficient GAN Compression

M FIANLLAla



“Nice to meet you”

OFA’s Application: Hardware-Aware Transformer

Efficient NLP on mobile devices
enable real time conversation
between speakers using different
languages

) (¢

‘Encantada de conocerte”
“OHLTA BEZFEL|

‘RS ER”

o
g*lil “Freut mich, dich.kennenzulernen”

Human Life
(Avg. 1 year)

American Life
(Avg. 1 year) . 36,156

US Car w/ Fuel

(Avg. 1 Iifetime)- 126,000
Evolved I
Transformer

626,155

HAT (Ours) l52< 12041 x )

0 175K 350K 525K 700K
CO2 Emission (Ibs)

29

28

27

26

Bleu Score

25

24

O HAT (Ours)

Layer Number Scaling of Transformer

{1 Dimension Scaling of Transformer

(2.9x Faster

3.7x Smaller ___..---- /

WMT 14 En-De

3

7 11 16 20
Raspberry Pi ARM CPU latency (s)

3.7x smaller model size, same performance on WMT'14 En-De;
3x, 1.6x, 1.5x faster on Raspberry Pi, CPU, GPU than Transformer Baseline
12,000x less COz2 than evolved transformer

HAT, ACL’20
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OFA’s Application: Efficient Video Recognition

75
Fall’ Pass out!
~\; OFA + TSM (large) Same Acc ResNet50 + TSM
= 74 Ammmmmmmm A - O
” Ty 7x less computation
@ A
Vldeo stream 3 /3 ResNet50 + I3D
< % OFA + TSM (small)
f = \ Efficient video - 72 A
recognition on edge o] :
#’ devices enables = 29 , Same Comp.
o Survell © real-time human 0 . +3.0% Acc.
© urveillance  Phone | o :tion recognition. = :
Speed & _GEJ 70 :
g*@ Energy X @MobileNetV2 + TSM
Constraints
69
0 10 20 30 40
Computation (GFLOPs)
7x less computation, same performance as TSM+ResNet50
same computation, 3% higher accuracy than TSM+MobileNet-v2
U , MIT News Toc! onaadaet
i TSM, ICCV19 lecmoosy  [ITEEE  engodge I'IAN LA




OFA’s Application: Efficient 3D Recognition

AR/VR: a whole backpack "/ g _—

of computer

»

self-driving: a whole trunk of GPU

Mean IoU

6S -
64 -
63 -
62 -
61 -
60 -
59 -
S8 -

S7

—%— SPVNAS SPVCNN == MinkowskiNet
&
&
Q@
- 1.9x speed up e\°,\°

&

100 125 150 175 200 225 250 275 300

Latency (ms)

Accuracy v.s. Latency Tradeoff

4x FLOPs reduction and 2x speedup over MinkowskiNet
3.6% better accuracy under the same computation budget.

followup of PVCNN, NeurlPS’19 (spotlight)



https://github.com/mit-han-lab/pvcnn

OFA’s Application: GAN Compression

Accelerating Horse2zebra by GAN Compression

——

e

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

Measured on NVIDIA Jetson Xavier GPU
Lower FID indicates better Performance.

Model CycleGAN Pix2pix GauGAN
~ FID{) 615650 24.2-26.6 —
Metric
mAP (1) — = 58.9 —+ 58.4
MAC Reduction 21.2% 11.8% 8.8 X
Memory Reduction 2.0x 1.7 1.8 %

Xavier CPU 1.65s (18.5x) 3.07s (9.9x%x) 21.2s (7.9%)
Speedup GPU 0.026s (3.1x) 0.035s (2.4x) 0.10s (3.2x%)

Nano CPU 6.30s (14.0x) 8.57s (10.3x) 65.3s (8.6%)
Speedup GPU 0.16s (4.0x) 0.26s (2.5x) 0.81s (3.3x)

1080T1 Speedup 0.005s (2.5x) 0.007s (1.8x) 0.034s (1.7 %)

Xeon Silver 4114

CPU Speedup 0.11s (3.4x) 0.15s (2.6x) 0.74s (2.8x)

8-21x FLOPs reduction on CycleGAN, Pix2pix, GauGAN
1.7x-18.5x speedup on CPU/GPU & Mobile CPU/GPU

GAN Compression, CVPR’20 I'IAN I.AI: a1


https://arxiv.org/pdf/2003.08936.pdf

Summary: Once-for-All Network

* We introduce once-for-all network for efficient inference on diverse hardware platforms.
* We present an effective progressive shrinking approach for training once-for-all networks.

~

\_

Train the
full model

_

Progressive Shrinking

. Fine-tune
R Shrlnk. the rnpdel R both large and R oncet-for-;\II
In 4 dimensions el ST s networ

\ /

* Once-for-all network surpasses MobileNetV3 and EfficientNet by a large margin under all scenarios,
setting a new state-of-the-art 80% ImageNet Top1-accuracy under the mobile setting (< 600M MACSs).

* First place in the 3rd Low-Power Computer Vision Challenge, DSP track @ICCV’'19
* First place in the 4th Low-Power Computer Vision Challenge @NeurlPS’19, both classification & detection.

* Released 50+ different pre-trained OFA models on diverse hardware platforms (CPU/GPU/FPGA/DSP).

net, image_size = ofa_specialized(net_id, pretrained=True)

* Released the training code & pre-trained OFA network that provides diverse sub-networks without training.
ofa_network = ofa_net(net_id, pretrained=True)

Project Page: https://ofa.mit.edu MIANIL.AlS


http://www.apple.com
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