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Challenges for Deep Learning:
computation-hungry, data-hungry

AlphaGo: 1920 CPUs and 280 GPUs, ImageNet / Moments in Time
$3000 electric bill per game >1 million images / videos

Cloud Al: increases TCO & carbon
Mobile Al: drains battery
Tiny Al: can't fit memory
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TinyML and Efficient Deep Learning
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A lot of computation
A lot of carbon

Many engineers

A lot of data
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TinyML and Efficient Deep Learning

Three aspects
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less computation T'"L

less carbon ~ BFNE

fewer engineers

less data
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Deep Compression

Make Al run Fast and Efficiently
with Limited Hardware Resource

Small Neural Networks
?ij?? l 111
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Low-Power Hardware

Large Neural Networks

Model Compression & TinyML
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Deep Compression  MakeAl run Fast and Efficiently
with Limited Hardware Resource

weights cluster index
(32 bit float) (2 bit uint) centroids
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Pruning & Sparsity
Increased attention Publications per Yeal
Slnce 2015 - "Network Pruning’
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Pruning & Sparsity
applied by industry:

Compressed

4-bit

DNN Model
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Absolute Index

EIE, Han et al, ISCA16
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(FP32) (Less number of param) (FP32)

Al Optimizer

2:4 sparsity in A100 GPU
2X peak performance,
1.5X measured BERT speedup

Reduce model complexity by 5x to
50x with minimal accuracy impact.
Deep Compression takes the
performance of your Al inference to
the next level.
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https://arxiv.org/pdf/1602.01528.pdf
https://arxiv.org/pdf/1612.00694.pdf
https://hanlab.mit.edu/projects/sparch/

TinyML and Efficient Deep Learning

 AutoML and NAS
- Once-for-all Network [icLR’19]

» Less Computation
- Inference: MCUNet for loT Devices [NeurlPS’20, spotlight]
- Training: Tiny On-Device Transfer Learning (TinyTL) [NeurlPS20]

 Less Training Data
- Differentiable Augmentation for Data-Efficient GAN Training [NeurlPs’20]
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TinyML and Efficient Deep Learning

 AutoML and NAS
- Once-for-all Network [icLR’19]

» Less Computation
- Inference: MCUNet for loT Devices [NeurlPS’20, spotlight]
- Training: Tiny On-Device Transfer Learning (TinyTL) [NeurlPs’20]

 Less Training Data
- Differentiable Augmentation for Data-Efficient GAN Training [NeurlPs’20]
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Hardware-aware Neural Architecture Search

#Channel Width Latency/Energy feedback

#Layers

# Branches

Kernel Size '

Resolution
Manual Design: Automatic Design:
black magic, nutoriously hard to tune Synthesize NNs to fit latency/accuracy/memory constraints

EDA tool : Circuit = NAS : Neural net

Ihr IIAN LLAl=



push-button solultion

AutoML and Neural Architecture Search  foreficientNNdesign
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https://arxiv.org/pdf/1802.03494.pdf
https://arxiv.org/pdf/1811.08886
https://arxiv.org/abs/1812.00332

How to design efficient NN models for diverse
hardware platforms?

Cortex M4
(256kB/1MB)

GPU, 16GB

Lots of hand tuning for different devices!
# layers, # channels, resolution, kernel size...
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Hardware-aware Neural Architecture Search

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 - A I : 14



Hardware-aware Neural Architecture Search

Design Cost (GPU hours)

For search episodes: // meta controller - 40K
For training iterations:

forward-backward(); Expensive
If good _model: break;
For post-search training iterations:
forward-backward(); Expensive

N N [ |
I I I I I The design cost is calculated under the assumption of using MnasNet. I O I A N I - A I -
15

[1] Tan, Mingxing, et al. "Mnasnet: Platform-aware neural architecture search for mobile." CVPR. 2019.




Hardware-aware Neural Architecture Search

Diverse Hardware Platforms

2017 2014 2010

For devices: Design Cost (GPU hours)

For search episodes: // meta controller - 40K
For training iterations:

forward-backward(); Expensive! _ 160K
If good model: break;
For post-search training iterations:
forward-backward(); Expensive!

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 =
16

[1] Tan, Mingxing, et al. "Mnasnet: Platform-aware neural architecture search for mobile." CVPR. 2019.




Hardware-aware Neural Architecture Search

Diverse Hardware Platforms

Cloud Al (10'? FLOPS) Mobile Al (10° FLOPS) Tiny Al (10° FLOPS)

For many devices: Design Cost (GPU hours)

For search episodes: // meta controller . 40K
For training iterations:

forward-backward(); Expensive!! IS 160K

If good model: break;
For post-search training iterations:

forward-backward(); Expensive!!

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 =
17

[1] Tan, Mingxing, et al. "Mnasnet: Platform-aware neural architecture search for mobile." CVPR. 2019.




Hardware-aware Neural Architecture Search

Diverse Hardware Platforms

Cloud Al (10'? FLOPS) Mobile Al (10° FLOPS) Tiny Al (10° FLOPS)

For many devices: Design Cost (GPU hours)

For search episodes: // meta controller . 40K — 11.4k Ibs CO» emission
For training iterations:

forward-backward(); Expensive!! ISR 160K — 45.4k Ibs CO2 emission

If good model: break;
For post-search training iterations:

forward-backward(); Expensive!!

N N [ |
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 :
- 18

Strubell, Emma, et al. "Energy and policy considerations for deep learning in NLP." ACL. 2019.




Today’s NAS is too expensive

We need Green Al

Common carbon footprint benchmarks

in Ibs of CO2 equivalent

Roundtrip flight b/w NY and SF (1

passenger)

Human life (avg. 1 year)

American life (avg. 1 year)

US car including fuel (avg. 1 lifetime)

Transformer (213M

architecture search

parametersj w/ neural

S—

Artificial intelligence / Machine learning

Training a single Al model

can emit as much carbon
as five cars in their

1,984 lifetimes

l 11,023 Deep learning has a terrible carbon footprint.

- - by Karen Hao June 6,2019

626,155 Evolved Transformer ICML’19, ACL’19

Chart: MIT Technology Review * Source: Strubell et al. * Created with Datawrapper
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Once-for-All Network

Train once, get many
Reduce the design cost
Fit diverse hardware constraints

IPhone 12

A14 Bionic, 2020

IPhone 11

A13 Bionic, 2019

Users may have the high-end phones
and also low-end phones;

We want to be inclusive for users who
have low-end phones.

But, it's expensive to design NN of
difference sizes

32

®
l

IPhone XS
A12 Bionic, 2018
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Once-for-All Network

Train once, get many
Reduce the design cost
Fit diverse hardware constraints

IPad IPhone AirPods

i I"IAN LLAl3,,



Once-for-All Network

Train once, get many
Reduce the design cost
Fit diverse hardware constraints

battery-saving
mode

IIAN LLAl3,,

| full battery / -
| latest NPU 2| older NPU




Once-for-All Network

Weight-sharing,
Decouple Training and Search

Once-for-All:
Conventional NAS
| For OFA training iterations: Expensive
For devices: forward-backward();  Training
For search episodes: // meta controller A
L L =S [ Decouple - -ieeraeesrcasescacaens.
For training iterations: For devices: ;
forward-backward(); Expensive For search episodes: Search
If good_model: break; sample from OFA: Light-Weight

If good _model: break;

avg. | year
(e 1 ligetime IR 125000
(avg. 1 lifetime)

MnasNet - 454,000

1,335%

OFA (Ours) i340 <

I H 0 100,000 200,000 300,000 400,000 B -
I I CO> Emission (Ibs) a my" : 23



Once for All Network: Train 101° networks at the same time

Once-for-All Network

MIT News

ON CAMPUS AND AROUND THE WORLD

MIT researchers have developed a new
automated Al system with improved

Get many (10%°) child nets L

for free

researchers’ system trains one large
neural network comprising many

Ny o pretrained subnetworks of different sizes
that can be tailored to diverse hardware

| platforms without retraining.

| Image: MIT News, based on figures courtesy of
the researchers

Reducing the carbon footprint of artificial intelligence

MIT system cuts the energy required for training and running neural networks.

Rob Matheson | MIT News Office »
April 23, 2020 ¥ Press Inquiries RELATED

Human brain activates
sparsely

OFA network containts many
child networks that are
sparsely activated

Child networks share the
weights with the Once-for-All
network, trained joinly

I"IAN LAl



Once-for-All Network

Make the OFA network elastic:
How to prevent large & small sub networks from
interfering with each other?

i IIAN LLAl3,,



Once-for-All Network

progressive shrinking: ]
kernel size Transform Transform| | |
Matrix Matrix
25x25 Ox9

i IIAN LLAl3,,



Once-for-All Network

X7 %
Transform Transform| —
Matrix Matrix
25x25 Ox9

unit i

progressive shrinking:
kernel size

progressive shrinking:
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train with full depth  shrink the depth ~ shrink the depth
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Once-for-All Network

x7
5x5 %

: Co % 3x3
progressive shrinking: - BB
kernel size Transform Transform| | ||

Matrix Matrix
25x25 Ox9

unit i

progressive shrinking: Q1

# layers

| § § é s %(}3
train with full depth  shrink the depth shrink the depth

channel channel
importance |

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

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

 channel
—
= 1 sorting

progressive shrinking:
# channels
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I I I 1 e e 01 ~
il train with full width progressively shrink the width



Once-for-All Network

Subnets sampled from OFA SuperNet outperforms training from scratch!

* Sampled from SuperNet
Trained from Scratch

4

T
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k

*
l
l
|
l
!

¥

Accuracy (%)

4.0 4.5 5.0 N 6.0
Parameters 1eb

Mir upto +2.8% improvement of top-1 accuracy FIANLAla



Performances of Sub-networks on ImageNet

- w/o PS b w/PS
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—_ = 3.5%:
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D=2 D=2 D=4 D=4 D=4 D=4
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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 IIAN . Al


https://arxiv.org/pdf/1908.09791.pdf

Once-for-All Network

Evolutionary Architecture Search

AR

OFA Network

4 N

Acc Dataset
[Architecture, Accuracy]

\_ _/

l

4 )

Accuracy Predictor

\_ J
4 N

Latency Predictor
- Y,

Evolutionary

Architecture Search

Specialized

Latency measurement

T

4 )

Latency Dataset
[Architecture, Latency]

sERER B

" Sub-Network

mutation, crossover,

\_ J

select best fit

IAN I.Al=,



Once-for-All Network
Evolutionary Architecture Search €

t=10ms
o =22 Keep Arch.
7 rarg®
L)
AN [
= ()}
Ry Qrget Re-sample
0 = 8m;

OFA Network Sub Network Latency/accuracy Predictor
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Once-for-All Network

Train only once, handle diverse hardware constraints

81

~ ~ 00
o8 © S

Top-1 ImageNet Acc (%)

N
N

/6

> OFA <> EfficientNet
80.1
<« 2.6x faster
79.8 /A — o
.779.8
78.7
°78.8
3.8% higher
accuracy
| -
$76.3

50 100 150 200 250 300 350 400
Google Pixel1 CPU Latency (ms)

Once-for-All, ICLR’20 I'IAN I.A|=33



https://arxiv.org/pdf/1908.09791.pdf

Once-for-All Network

Train only once, generate the entire Pareto curve

O OFA + MobileNetV3
¥ 76.1
PR RS au o
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Samsung Note10 Latency (ms)
Once-for-All, ICLR’20

24
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https://arxiv.org/pdf/1908.09791.pdf

Automatically Synthesize Neural Nets
given different latency/accuracy constraints

Drag the bar to target different latency.
<— Slide left for faster and less accurate models
— Slide right for slower but more accurate models

Specialize for 35(ms) on Notel0 Device, topl 78.47(%)
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MBConv3-3x3
MBConv4-7x7
MBConv6-3x3
MBConv4-7x7
MBConv6-3x3
MBConv3-7x7
MBConv6-3x3
MBConv4-3x3
MBConv4-7x7
MBConv4-7x7
MBConv3-7x7
MBConv3-3x3

https://hanlab.mit.edu/projects/ofa/demo/


https://hanlab.mit.edu/projects/ofa/demo/

Automatically Synthesize Neural Nets
given different latency/accuracy constraints

77

Top-1 ImageNet Acc (%)

(0))
~

65

O MNASNet © MobileNetV2 SlimmableNets © OFA

_
Faster
Better o
One model per point. e
Users can choose from a large freedom. _.--~
v’ -° e o
',O‘ Pt -
&' .7 -
'l . -
o’ Jole
l' ll
'l 'l
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'¢
'I
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o
20 25 30 35 40 45 50 55

CPU Latency (ms)

Platform: Intel(R) Xeon(R) Platinum 8280 CPU @ 2.70GHz (28 cores), HT ON, turbo ON,

Total Memory: 192GB (12 slots / 16 GB / 2933 MHz)

Framework: PyTorch v.1.5.0 with Intel ® MKL-DNN 0.14 enabled, data type FLOAT 32

System: BIOS SE5C620.86B.02.01.0008.031920191559 / Ubuntu 18.04.4 LTS, Kernel 4.15.0-88-generic

60
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Once-for-All Network

> OFA + MobileNetV3 <> MobileNetV2

77 77 [
— 75.8
= 75 75 75
®)
O
<
© 73 73 73
Z
()
S 71 1
j= l 71
S 69 69
S ; I

25 40 05 70 35 100 23 28 33 38 43 48 53 58 63 68 7 10 13 16 19 22 25
Samsung S7 Edge Latency (ms) Google Pixel2 Latency (ms) LG G8 Latency (ms)

77 25 3 764 7 77
:\5 73.8 73.7
= 73 728 . 73 73 —
<(('> ...-"..72.0 7105
© 69 ..+°69.8 69 L0608 69 |
% . |
i ” ) *'63.3
& 62 62 ( intel 62 v
@) . . .

o8 58 58 59.1

10 14 18 22 26 30 9 11 13 15 17 19 30 40 50 6.0 70 80
NVIDIA 1080Ti Latency (ms) Intel Xeon CPU Latency (ms) Xilinx ZU3EG FPGA Latency (ms)
Batch Size = 64 Batch Size = 1 Batch Size = 1 (Quantized)

Illil- Once-for-All, ICLR’20 I'II‘\N I-I‘“: 37



https://arxiv.org/pdf/1908.09791.pdf

Once-for-All Network

Consistently outperforms human baselines, world-record on MLPerf

Turn-key solution for co-design

/ T~

81

14x less computation

| | | |
L T e L L L T P B L L T LT <
5I5M MALS Once-for-All (ours i Xception
80.0% To% (ours) InceptionV3
79 IB ° Eﬁ:iCientNet ° ASNet_A ReSNetXt'5O ]

;\3 DPN-92

;;77 |MBNetV3 DenseNet-169 ResNetXt-10

g ° ProxerSSNAS DenseNet-264

§ AmoebaNet DenseNet-121

77 P MBNetv2 ResNet-101 -

— PNASNet . ResNet-50

g ShuffleN InceptionV2

S 73 - DARTS oM AM 8M 16M 32M 64M -

@

|IGCV3-D .
£ Model Size The higher the better
MobileNetV1 (MBNetV1) Handcrafted  AutoML
69 | | | | | | | |
0 1 5 3 4 5 s Ihe lower the better,
MACs (Billion)

 OFA sets a world-record in the open division of MLPerf Inference Benchmark:
1.078M images per second on eight A100 GPUs

i I"IAN LLAl=


https://mlcommons.org/en/inference-datacenter-10/

Award Winning Technology

CPU detection
FPGA detection

ath Low-Power Computer Vision
Challenge

.0, Visual Wake Words
:’ on TF-lite

Visual Wake Words
Challenge @GVUPR 2019

( d
>
L4

0
}5 CPU classification CPU detection
¢

4th Low-Power Computer Vision
Challenge

3D Semantic
Segmentation

Al Driving Olympics
@ICRA 2021

DSP Recognition

NLP track
Language Model

MicroNet Challenge
@NeuriPS 2019

I'IAN LA


https://www.nuscenes.org/lidar-segmentation?externalData=all&mapData=all&modalities=Any

Industry Adoption
( M L P e rf Once-for-All (OFA) Network adopbed by Alibaba received a world-record in the

open division of MLPerf Inference Benchmark, achieving 1.078M images per

aAliba ba com econd on eight A100 GPUs

Once-for-All (OFA) Network adopbed by Maxim Integrated provides 6% accuracy
iIncrease in image recognition and 2% accuracy increase in speech command
recognition, with >100x energy efficiency compared to Cortex-M4.

maxim
integrated.

n O PyTO rCh Proxyless Neural Architecture Search, an efficient neural architecture search

algorithm with light-weight model for mobile Al is integrated by AWS AutoGluon

aWS @ AutoGluon and Facebook PyTorch.

HAQ: Hardware-Aware Automated Quantization with Mixed Precision is integrated by

< |nte|) Intel OpenVINO Toolkit. Efficiently search over the bitwidth space for mixed-

precision machine learning inference (2, 4, 8 bits)

@2 TSM: Temporal Shift Module for Efficient Video Understanding is
NVIDIA integrated by NVIDIA for video classification.

i I"IAN LLAla



https://arxiv.org/pdf/1811.08886.pdf
https://github.com/openvinotoolkit/nncf/blob/develop/docs/compression_algorithms/Quantization.md
http://ofa.mit.edu/
https://mlcommons.org/en/inference-datacenter-10/
http://pr
https://autogluon.mxnet.io/tutorials/nas/enas_proxylessnas.html
https://pytorch.org/hub/pytorch_vision_proxylessnas/
http://ofa.mit.edu/

Anycost GAN

Demo:

original

@ samplel
O sample2
O sample3

& Vvanilla

O anycost

* Status: ready

projected

smiling

young

big noise

black hair

blonde hair

eyeglass

mustache

Finalize

Reset

AnyCost GAN, CVPR™21

0.00

0.00

0.00

0.00

0.00

0.00

0.00

I"IAN LAl



Anycost GAN

’ a
T
2 B
~ e [~

N L=

MACs: ' = 100% 1.0x reduction

Smalller, faster child networks are
nested in larger ones

i IIAN LLAla,



ression

Accelerating Horse2zebra by GAN Compression

GAN Comp

Demo: |

- —

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

Large Neural Networks Small Neural Networks




HAT, ACL20

EﬁiCient NLP SpAtten, HPCA21

Spotlight on MIT homepage
Once-for-all Transformer Cascade token pruning WT oo e o s e

SuperTransformer

As a visual treat, the film is almost perfect.
11 Tokens | 12 Heads

Evoluti S h with :
/ l \‘é‘;;‘d'\l‘\’lgi‘gy(:oif::fai::; ( BERT Layer 1 (100% Computation & Memory Access) ]

SubTransformers (Weight-Sharing) !
As treat, film perfect.

5 Tokens 4 10 Heads

Cascade pruning ( Layer 2 (38%) )
Of Unimportant i A new Iang.uage learning syste.n"\,developed by EECS researchers,
l l l tokens & heads film perfect s sk s
| AN NO? t?fe f:y 2 Tokens ¢ 8 Heads strea:l|T%s7ifazi::f;t?e-art sentence analysis.
Different Hardware 111l ity ot affecting ("Layer 3 (12%) )
o_.))) - = ] :\.)) D) Feedback accuracy. ‘L
- = 7%
= - 'L}é (& Sentiment Classification: Positive v
1l
loT CPU GPU
TinyML Deeper Wider
Speedup Over TITAN Xp GPU
Human Life 11.023 0 IJ.O (GPU Baseline)
(Avg. 1 year) ! : o
: .. 22.1x speedup with specialized datapath (ASIC)
American Life
(Avg. 1 year) 36,156 1 -_2_2.1
US Car w/ Fuel - with cascade token & head pruning
(Avg. 1 lifetime) ] 126,000 |
Evolved : 14:2
+tokenY Y+head Yotop-k Tt . . . .
Transformer I 626,109 - ﬁ)lt':{r:\ing: pruning ggég'?ne: 2.8x speedup with progressive quantization
HAT (Ours) 52+ 12048 < y =
. +static quantigqtion: 1.6x +progressive qua%tization: 1.7% |
0 175K 350K 525K 700K
0 60 120 180 240

CO2 Emission (Ibs)

i I'IAN LAl

[HPCA’21] Hanrui Wang, Zhekai Zhang, Song Han; “SpAtten: Efficient Sparse Attention Architecture with Cascade Token and Head Pruning”


https://hat.mit.edu
http://spatten.mit.edu

Efficient NLP HAT ACLZ0

SpAtten, HPCA21

On WMT’14 En-Fr Task

720 705 . 45
-
LL-
B 5
m 41.8 41.9
480 W 42
Q 25% -
N =
P s
[ =
S
O 240 227 39 ;
= LL]
—
n
57
2'% 28
0 36
Transformer HAT (Ours) HAT (8 bits) HAT (4 bits)

e HAT is orthogonal to general model compression techniques

H I n
' JAN LA
I III HAT: Hardware-Aware Transformers, ACL 2020 I “ = : 45


http://spatten.mit.edu
http://spatten.mit.edu

E 0= HAT, ACL’20
EﬁICIent N LP SpAtten, HPCA21
Efficient NLP on mobile devices r

enable real time conversation

between speakers using different 'O' HAT (OUI'S) _

languages _ Layer Number Scaling of Transformer
{1 Dimension Scaling of Transformer

29

)) (( 2.9% Faster
(3 7%x Smaller __..---"""_; i
\ = / 28 DT S /
“Nice to meet you” “Encantada de conocerte” ) ," Transformer-Big
“BHLEAM HRZrELCE B 27 s ) \
o) REMAER O ! Tranes 5
l:l*lil “Freut mich, dich kennenzulernen” ) ’ rAnsIomar-oase
| D 26
H Lif —
(Ajvrg.a? yle:r) ' 11,023 !
American Life . 36.156
(Avg. 1 year) ’ 25
US C / Fuel
(Avg.a1rl\il:‘/etir$12)-126’ooo ] WMT ’14 En-D
n-De
Evolved
T:/aon\é?ormer I 626,155 24 ' '
HAT (Ours) I52‘ 12041 x ‘ 3 V4 | 11 16 20
0 17K 350k So5K 700K Raspberry Pi ARM CPU latency (s)

CO2 Emission (Ibs)

Large Neural Networks Small Neural Networks

==

< YV WV
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http://spatten.mit.edu
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OFA for NLP

Once-for-all Transformer

Bleu Score

SuperTransformer

Evolutionary Search with
Hardware Constraints

SubTransformers (Weight-Sharing)

Specialized Deployment is Efficient

l l l

Different Hardware 111l Hardware
Latency

= = LYy-\) Feedback
o ) =@= R

il
loT CPU GPU
TinyML Deeper Wider

O HAT (Ours)
> Layer Number Scaling of Transformer
0 Dimension Scaling of Transformer

29
- 2.9x% Faster
"3.7xSmaller __..----"""_» i
28 i s
* Transformer-Big
27 64 \
F Transformer-Base
26
25

WMT 14 En-De

3 7 11 16 20
Raspberry Pi ARM CPU latency (s)

—

Cascade token pruning

As a visual treat, the film is almost perfect.
11 Tokens | 12 Heads

( BERT Layer 1 (100% Computation & Memory Access) ]
v

As treat, film perfect.
5 Tokens 4 10 Heads

Cascade pruning ( Layer 2 (38%) )
of unimportant 1}
tokens & heads film perfect
on the fly. 2 Tokens { 8 Heads
accuracy. T

Sentiment Classification: Positive v

Speedup Over TITAN Xp GPU
I.l.O (GPU Baseline)

. 22.1x speedup with specialized datapath (ASIC)

with cascade token & head pruning

Yitop-K Tteeee..

engie: 2.8x speedup with progressive quantization

+token¥Y Y+head
pruning:  pruning:
1.1x 1.1x

T e

+static quanti%qtion: 1.6x% +progressive quavntization: 1.7% |

..
.....

0 60 120 180 240

HAT, ACL20
SpAtten, HPCA21

Spotlight on MIT homepage

o -
III II Education Researc h Innovation Admissions+Aid Campuslife News Mores

A new language learning system, developed by EECS researchers,
pays attention — and more efficiently than ever before. The
combined hardware-software system, dubbed SpAtten,
streamlines state-of-the-art sentence analysis.

Feb10,2021 Fullstory Share: ¥ f
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' Integrated with NAS_[

Mutation &
Crossover

]‘ Select

Best Fits:
Low EDP
- LIR LI
m
. Neural v % <<1 5 Best
] Architecture Sample > —\ S : > Network
dSearch Space Neural Network < :
Population ~ :
1 } ! EDP with Best Mapping
Benchmarks
- Update < :
Sample Distribution Select|
Best Fits: "
Low EDP|
N :
r<l'| .
v o E Best
Sample = A Mapping
Mapping =~ |8 '
Decode Population v

HW Perf.
HW |—» | Estimation
Desc| | [{MAESTRO))

EDP Hardware *

ul Evaluation
«'00 Environment '

l EDP with Bes}{ Mapping

>

Best
Architecture

Decode of Best Netwak
: Accelerator ;
: Population &3 e

: Sample / S

1 Accelerator 2 @ %—

1 Architecture >

dSearch Space v

; Select

: Best Fits:

E Update Low EDP

' NAAS | sample Distribution

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

Neural Accelerator Architecture Search, DAC’21

NAAS: Neural Accelerator Architecture Search

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

® Eyeriss
® NAAS (accelerator-compiler co-search)
NAAS (accelerator-compiler-NN co-search)

30
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~
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—"'

Top-1 Accuracy
~N
(@)) ~
o--
o
o

~
Ol

~
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0 0.5 1 1.5 2
Normalized EDP
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Can we go even smaller?
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TinyML and Efficient Deep Learning

 AutoML and NAS
- Once-for-all Network [icLR’19]

* TinyML
- Inference: MCUNet for loT Devices [NeurlPS’20, spotlight]
- Training: Tiny On-Device Transfer Learning (TinyTL) [NeuriPs’20]

- Data-Efficiency
- Differentiable Augmentation for Data-Efficient GAN Training [NeurlPs’20]

i I'IAN LAl



MCUNet: Tiny Deep Learning
on loT Devices

Ji Lin1 Wei-Ming Chen'2 Yujun Lin' John Cohn3 Chuang Gand3  Song Han

'MIT  2National Taiwan University 3MIT-IBM Watson Al Lab

|||"' NeurlPS 2020 (spotlight) LIAN L Ala



Background: The Era of AloT on Microcontrollers (MCUSs)

 Low-cost, low-power

Ihr IIAN LLAl=



Background: The Era of AloT on Microcontrollers (MCUSs)

 Low-cost, low-power  Rapid growth
50

12 13 14 15F 16F 17F 18F  19F
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Background: The Era of AloT on Microcontrollers (MCUSs)

 Low-cost, low-power MCU * Rapid growth
50

12 13 14 15F 16F 17F 18F  19F

 Wide applications

Smart Retalil Personalized Healthcare Smart Manufacturing Autonomous Driving

Ihr IIAN LLAl=



Deep Learning Going “Tiny”

&
Cloud Al Mobile Al Tiny Al
=> ResNet => MobileNet => MCUNet
Data centers, connection Smartphones loT devices, cheap, small,
required, privacy issue process locally low-power, rapid growth

- The future belongs to Tiny Al.

- There are billions of loT devices around the world based on microcontrollers

- Much cheaper, much smaller, almost everywhere in our lives.

- If we can enable powerful Al algorithms on those loT devices, we can greatly
democratize Al and extend the applications of deep learning.

IIAN LLAl=



Challenge: Memory Too Small to Hold DNN

Cloud Al Mobile Al

Memory (Activation) 16GB 4GB 320kB

\ 13,000x

smaller

- Tiny model design is fundamentally different.
- No DRAM. No operating system (no virtual memory). 50,000x
- Can’t directly scale. (non-proportional activation vs. params)  smaller

Ihr IIAN LLAl=



Activation is the bottleneck, not parameters

Our budget

B ResNet-18

MobileNetV2-0.75 (all with ~70% ImageNet Top-1)

12

9.6

7.2

4.8

Params:

' 4.6x smaller

Activation:
1.8x bigger!

Param (MB)

Peak Activation (MB)

(calculated in INT8)

IIAN LLAl=



MCUNet: TinyNAS + TinyEngine

Search space design is crucial for NAS performance
There is no prior expertise on MCU model design

Memory/Storage
Constraints

[ Full Network Space J l {Optimized Search Space} { Model Specialization j

Ihr IIAN LLAl=



Reduce Both Model Size and Activation Size

B ResNet-18 MobileNetV2-0.75 B MCUNet (all with ~70% ImageNet Top-1)

MCUNet:
, 6.1Xx

MCUNet:
3.4X%
Our budget ----1--- {888 1---+ . ------- -3 i - -1 512KB
Param (MB) Peak Activation (MB)

Ihr IIAN LLAl=



MCUNet: TinyNAS+TinyEngine Co-design

AutoML, Efficient Neural Architecture

/
] MCUNet TinyEngine
\

1

Efficient Memory Scheduling / Runtime

* TiNnyNAS: » TinyEngine:
* Re-design the design space » Co-design, specialization
- Latency-aware * Run time => Compile time
» Energy-aware » Graph optimizations
» Once-for-all Network: * Memory-aware scheduling
train once, get many » Low-precision

» Assembly-level optimizations

i I"IAN LLAl=



MCUNet: TinyNAS+TinyEngine

* ImageNet classification on STM32F746 MCU (320kB SRAM, 1MB Flash)

Baseline (MbV2*+CMSIS) -39

ImageNet Top1: 35% 45% 55% 65%

* scaled down version: width multiplier 0.3, input resolution 80

Ihr IIAN LLAl=



MCUNet: TinyNAS+TinyEngine

* ImageNet classification on STM32F746 MCU (320kB SRAM, 1MB Flash)

Baseline (Mbv2-+cmsiS) [l

System-only (MbV2**+TinyEngine)

49

Model-only (TinyNAS+CMSIS)

56

ImageNet Top1: 35% 45%

* scaled down version: width multiplier 0.3, input resolution 80
** scaled down version: width multiplier 0.35, input resolution 144

55%

65 %
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MCUNet: TinyNAS+TinyEngine

* ImageNet classification on STM32F746 MCU (320kB SRAM, 1MB Flash)

Baseline (Mbv2-+CMsIS) [l

49

)
System-only (MbV2**+TinyEngine)
Model-only (TinyNAS+CMSIS)

56

Co-design (TnyNAS+TinyEngine) [

ImageNet Top1: 35% 45%

* scaled down version: width multiplier 0.3, input resolution 80
** scaled down version: width multiplier 0.35, input resolution 144

55%

65 %
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Bring Al to loT Devices

dom $ cat /dey/cls MSMGMN'SH
Object classn.fl on ‘mg\"RGB color sensor

| Tensorflow-Lite Micro+MBv2 [ MCUNet (TinyNAS+TinyEngine)

180 350 75
161KB 309ms
P 70.7%
can 4x srrlialler . 3X fe;lster . T
E E +17%
108 : 210 : 65 | more
accurate
72 140 \y 60
36 70 55
0 0 50
ImageNet Top-1
Memory Usage Speedup J P

Accuracy

face/mask detection, person detection,
VWW on STM32F746 (1MB Flash)

Mir tinyml.mit.edu FIAN LAl=



http://tinyml.mit.edu
http://connected

TinyEngine: Memory Saving

GT ARM

TF-Lite Micro [ MicroTVM Tuned [ CMSIS-NN [ TinyEngine

. OctoML

—> 230

~—

Q 184

p

E 138

o

2 92

=< 46

-
MobileNetV2 ProxylessNAS
w0.35-r64 w0.3-r64

T MIANIAla



TinyEngine: Speedup

GT Qocem ARM

.| TF-Lite Micro [ MicroTVM Tuned [ CMSIS-NN [ TinyEngine

-

N
)
()

W
S
-

[S—
S
o

Latency (ms)|

MobileNetV2 _ ProxylessNAS MnasNe
w0.35-164 w0.3-164 w0.2-196
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Once-for-All Network + MCUNet

* Design specialized models for different MCUs

75

70

65

60

55

50

ImageNet Top-1 Accuracy (%)

62.0

63.5

65.9

The first to achieve >70%

70.7 ImageNet accuracy on

E+17“’/o

53.8

STM32F412 STM32F746 STM32F765

(256kB/1MB) (320kB/1MB)

(SRAM/Flash)

(512kB/1MB)

STM32H743
(512kB/2MB)

% | commercial MCUs

IIAN LLAl=



Visual Wake Words (VWW)

A MCUNet-v2 € MCUNet
# MbV2+TF-Lite Proxyless+TF-Lite
Q " 62 +118kB :
(=) : I
> 92 +4.0% 5256kB.
~ 4.0><smaller§ :Conﬁlg{? !
E 90 30qu ......................... EOn
Q |
E 86 ;
> Flash < 1MB :
84 -
20 88 156 224 292 360
Measured Peak SRAM (kB)

I I‘§'I
- y;
T 1 e AN LAl



Audio Wake Words (Speech Commands)

96

94

92

90 :
» 256kB
+ constraint
88 :
30 147.5 265 382.5 500
Peak SRAM (kB)

(b) Trade-off: accuracy vs. peak memory

i I"IAN LLAl=



Demo: Visual Wake Words on MCU

MBv1+TFLite-Micro MCUNet (TinyNAS+TinyEngine)

* \1% t V » Detecting if there is person
= . STM32F746

» 320KB SRAM

* 1TMB Flash

 ARM Cortex-M7 @216MHz

Ihr IIAN LLAl=



Demo: Face Mask Detection on MCU

e Detecting faces & masks

« STM32F746

» 320KB SRAM

 1TMB Flash

 ARM Cortex-M7 @216MHz

Ihr IIAN LLAl=



Demo: Person Detection on MCU

* Detecting persons

o« STM32F746

» 320KB SRAM

* TMB Flash

 ARM Cortex-M7 @216MHz

Ihr IIAN LLAl=
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NuScenes LIDAR Segmentation Challenge

*
:
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—> X-axis
) Downward — Y-axis
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nhuScenes Dataset

1 Spinning LIDAR (20 Hz, 32 channels) 16 semantic classes ﬁ‘ \%\ -.\._._, ;
40,000 annotated frames 35,000 points per frame %,\E\\‘:—*—\
1,000 driving sequences 100m x 100m x 20m spatial range - %Lw\\“‘“ﬁ



Point-Voxel Convolution (PVConv)

Voxel-Based Feature Aggregation (Coarse-Grained)

e N\ D
Voxelize

> . N _J

C N\ D

_ N 4

Convolve

T Normalize

( )
L .
P ®
[
o o
L N
. _J

>

( S )

. Jo y Devoxelize
f N N >
U 4N Y,

Point-Based Feature Transformation (Fine-Grained)

Comparisons with .K- Point-Based Models

Voxel-based branch conducts convolution over a
regular grid representation, which resolves the
Issue of random memory access.

Voxel-Based Models

Comparisons with

Point-based branch captures high-resolution
information efficiently, which resolves the issue
of large memory footprint.

Low-Cost Point-Based Branch Provides Fine Details of the Scene

< M

Al gt MR
£ mmiad
M A e

© . u person

\1:3 ol
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g

il
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Huge Improvements on Safety-Critical Small Objects

== MinkowskiNet == Qurs

S Motorcyclist

FIANLLAl=
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Challenge Results

Rank 1: SPVCNN++
. Home nuScenes nulmages Resources v Tasks v About v Sign Up
NUSCENES by Motional
ethod Vietrics
. ] _ Date Name Modalities 24:33 Exéézii}al miOU  fwlOU FPS(Hz) Stats
Authors: Zhijian Liu, Haotian Tang, Kevin Shao, Song Han o o
ags 4% Any v Al ~ Al ~
Affiliation: MIT HAN Lab .
>  2021-05-27 SPVCNN Lidz no no 0.811 0910  n/a il
Method: Use point cloud segmentation network composed of multiple Sparse Point-Voxel " Ours (2021) - 1 | 1 .
Convolutions. More computationally heavy variant of SPVCNN, longer training, Lovasz-Softmax-loss >  2021-05-26 GU-Net UISEE Lidar no no 0.803 0910 n/a iil
with standard cross entropy loss. Lidar-only. 13 FPS. Indust
. : o ) ] . . > 2021-05-26 2D3DNet GOOgle ekl _EXTI;EF&], Lidar no yes 0.800 0.901 n/a ii’ii
Link: https://spvnas.mit.edu, "Searching Efficient 3D Architectures with Sparse Submissions |
Point-Voxel Convolution" >  2020-12-09 AF2S3Net Huawei Lidar no no (E:-;%) (15«»55) (x%75 ) il
Mean IOU: 81.1% +0.8% > 2020-12-09  Cylinder3p++ CUHK Lidar no no 0779 0899 106 i
Award: BeSt Iidarseg SmeiSSion > 2020-12-08 CPFusion Horizon Robotics camera, Lidar, Radar no no 0.777 0.892 n/a i'iﬂ‘
Previous awards: 4th ranked lidarseg submission in NeurlPS 2020 ] — swas  Ours (2020) - " | o ser | 1o | ol

Ranks 1st on the NuScenes Leaderboard
Best LIDARSeg Submission @ ICRA 2021

N FIAN LLAl=



SPVNAS, ECCV’20

Efficient Point Cloud

Self-driving: a

tavpgaws,

iPad Pro 2020
Lidar Scanner

SPVNAS (Ours): 9.1 FPS

I"IAN LLAla

I ! I - Mobile phone: limited battery
1



Efficient Point Cloud

State-of-the-Art Accuracy

Approach Paper Code miloU Classes (loU)

SPVNAS I3 67.0 an sisi iz =
TORNADONEet P 63.1 ] snuEn.dni.lnlin sn
KPRNet B 63.1 len.uin_ .InlnEss
Cylinder3D F 0 618 Benunnn_lsi_Esinnns

.i. First Place on SemanticKITTI Leaderboard (as of Fall 2020)

Object Part
Segmentation

2.7X measured speedup
1.5X memory reduction

Indoor Scene
Semantic Segmentation

Objects per Second

6.9x measured speedup
5.7X memory reduction

PVCNN, NeurlPS’19
SPVNAS, ECCV’20
FastLidarNet, ICRA'21

Real-Time Inference on Edge Devices

B PointNet (83.7 mloU) M Ours (85.2 mloU) 139.9

Jetson Nano Jetson TX2 Jetson NX Xavier Jetson AGX Xavier

%’ "Project of the Month” by NVIDIA Jetson Community

Outdoor Scene
Semantic Segmentation

2.7X measured speedup
7.-6x computation reduction

I'IAN LAl



[Liu et al. ICRA21]

In collaboration with Daniela Rus

Efficient Point Cloud

Too slow to drive

) 30fps
MinkowskiNet 5fpé
a8 Mink.ovyski.Net | ' | 18fps |
Raram v/ Kernel Optimization) Real time!

Inference Speed (Frames / Second)

3D LiDAR Sensor 3D Point Cloud: 2M points/s

Real-World Deployment

We evaluate our model on a full- scale vehlcle inkthe) real-world
| ‘ %h— ‘ﬂm | ’

Demo:

AN LA




SemAlign: Annotation-Free Camera-LIDAR Calibration with Semantic Alighment Loss
IROS’21]

After 10 seconds
of optimization by
SemAlign:

=wmmnns Garin 3D
B Carin2D
=smmnns Sjdewalk in 3D
Sidewalk in 2D
===umns Traffic Sign in 3D
Traffic Sign in 2D

i FIAN LA



SemAlign: Annotation-Free Camera-LIiDAR Calibration with Semantic Alignment Loss

o L /o [ v
N T "> o

2
&
R Is
- ’
ol

k)

N points * 3 dimension nn.Parameter(Calibration Matrix) M points * 2 dimension

N points * 2 dimension p KXLLLLLLL 3D to 2D projection

torch.sum(torch.pow(left-right, 2))
N points * M copies * 2 dimension

distance matrix between each point

torch.min()

: . torch.mean()
distance matrix of each . .
. : . gy mmee N * 1 matrix
point to its nearest neighbor

N copies * M points * 2 dimension




SemAlign: Annotation-Free Camera-LIDAR Calibration with Semantic Alighment Loss
IROS’21]
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SemAlign: Annotation-Free Camera-LIDAR Calibration with Semantic Alighment Loss

> i

Original

=smsmns Garin 3D
B Carin2D
=smmnns Sidewalk in 3D
Sidewalk in 2D
==nmnmr Traffic Sign in 3D
Traffic Sign in 2D




Specialized Accelerator Design: PointAcc [Micro’21]

Significant Speedups and Energy Savings over CPU, GPU and TPU Lower Latency and Higher Accuracy with PointAcc (Edge)

] NVIDIA RTX 2080Ti W Intel Xeon Skylake + TPU V3 [ Intel Xeon Gold 6 | ey MisserasiSvY o Letson Name R "
over 200011 over Inte eon <y aKe + 3 over Inte eon GO 130 . over Mesorasi-SW on Raspberry Pi 4-B g_
B over Mesorasi-HW 0 65
269 ¥ 100 %
o 27 3oy 82 =L 88106 10294 - 79 94 200 s -
= 51 o 134 128 U 6o &
B >7 37 = = v
) v I S
(] 10
a_ 8 g. g 55
5 o
4 3 3 : > - ” Z
1 50O
. V\et @) S) el (57 e’(_CD ’(LCD x\\
‘)0\(\‘ s e’(_)( x Set)( X LQ O‘\(\,{—Se v\e’(_)( ¥ N\-\(\\Lﬁ hf\‘\(\\kﬁe C)eON\
po\® po\"\© 204 o\ o\
?
()]
= I
> 324 Future Plan
a 152 161 221 268 127139 268193 u u
>
& L .
9 Point Cloud
1 Networks

(net

po\® © L @) e o ©

X
e\L¥ Set)( (\’(_S tv\e’(

\ Se’(_c\) N e}(_(O) GeO N\ea(\
po ™ pon® P poit®

A T

e Assorted Applications: classification, semantic segmentation, detection
e Various Networks: PointNet, PointNet++, MinkowskiNet
e Diverse Inputs: single objects, indoor scenes, outdoor scenes

O

PointAcc

Co-Design with
Point Cloud Networks

FPGA prototype



MIT Driverless
Accuracy: 95.0%
Range: 8 meters

~ Latency: 2 ms/object

PVCNN (Ours)

Accuracy: 99.9%

Range: 12 meters
Latency: 1.25 ms/object
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Challenge Results

Rank 1: SPVCNN++
N U S C E N E S by Motional Home nuScenes nulmages Resources v Tasks v About v
ethod Vietrics
. ] _ Date Name Modalities 24;2 EY;?[;” miOU fwlOU FPS(Hz) Stats
Authors: Zhijian Liu, Haotian Tang, Kevin Shao, Song Han ' '
Any v All  ~ Al ~
Affiliation: MIT HAN Lab
_ _ , . >  2021-05-27 SPVCNN++ Ours (2021) Lidar no no 0.811 0910 n/a il
Method: Use point cloud segmentation network composed of multiple Sparse Point-Voxel
Convolutions. More computationally heavy variant of SPVCNN, longer training, Lovasz-Softmax-loss >  2021-05-26 GU-Net Lidar no no 0.803 0910 n/a iil
with standard cross entropy loss. Lidar-only. 13 FPS. Industry 3
. . ; . . . . > 2021-05-26 2D3DNet icci Camera, Lidar no yes 0.800  0.901 n/a il
Link: https://spvnas.mit.edu, "Searching Efficient 3D Architectures with Sparse Submissions
int- ion" >  2020-12-09 AF2S3Net Winner (202 Lidar no no 0.783  0.885 3.7 il
Point-Voxel Convolution er (2020) Oos 088 oh
Mean IOU: 81.1% +0.8% >  2020-12-09 Cylinder3D++ Lidar no no 0.779 0.899 10.6 il
Award: BeSt Iidarseg SmeiSSion > 2020-12-08 CPFusion Camera, Lidar, Radar no no 0.777 0.892 n/a i'iﬂ‘
Previous awards: 4th ranked lidarseg submission in NeurlPS 2020 ] — swas  Ours (2020) - " | o ser | 1o | ol

Ranks 1st on the NuScenes Leaderboard
Best LIDARSeg Submission @ ICRA 2021
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Efficient Video Recognition

51

Accuracy (%)
vl N~

N
[E—

W
o0

Prediction: Moving something closer to something

Scaling Down Inference:
Inference on Low-power Edge Devices

Compress the model by 6x, higher accuracy

Jetson Nano Jetson TX?2
CPU GPU CPU GPU

Devices Rasp. Note8 Pixell

FPS
Power (watt) 4.8

209 74.6 275 117.6 144 29.0
45 56 58 38

21.1

TSM, ICCV 2019

Spotlight by IBM director Dario Gil

® Ours ® ECO[6!] @ 13D from [50] @MIT-IBM Watson Al Lab’s Al Research Week
- 6x less argsmstponet 2
T NL I3D+GCN
& T SMsr

/s | Theoroseal: 1285
b

' computation
‘NL 13D \‘

‘BD # Parameters

poretical: 256x:
11,978TFLOP/s [(ACHRERANG 1E11

. ECOjsr

- LED Bulb Level!

‘ . M 100M  150M
0 100 200 300 400 500 600 700
FLOPs/Video (G) ] o
Scaling Up Training:
Large-Scale Distributed Training with 1536 GPUs
Training Time Accuracy Pepffiir(rr?a:l::e Speed-up
1 Nodes :
(6 GPUSs) 49h 50min 74.1% 46.5 TFLOP/s
256 Nodes : 11,978 TFLOP/
(1536 GPUSs) 14min 74.0% < 211x
E
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https://arxiv.org/pdf/1811.08383.pdf

TinyML and Efficient Deep Learning

 AutoML and NAS
- Once-for-all Network [icLR’19]

» TinyML
- Inference: MCUNet for loT Devices [NeurlPS’20, spotlight]
- Training: Tiny On-Device Transfer Learning (TinyTL) [NeurlPs’20]

- Data-Efficiency
- Differentiable Augmentation for Data-Efficient GAN Training [NeurlPs’20]

i I'IAN LAl



TinyTL: Reduce Memory, not Parameters
for Efficient On-Device Learning

Han Cai Chuang Gan2 Ligeng Zhu!'  Song Han’

"MIT 2MIT-IBM Watson Al Lab

I NeurlPS 2020 I'IAN LAl

89



The Rise of AloT
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Tiny Transfer Learning

O

New and Sensitive
Data

User Intelligent Edge Devices

- Customization: Al systems need to continually adapt to new data collected from the sensors.

I o I'IAN LAl



Tiny Transfer Learning

Cloud-based Learning

On-device Learning

4
|/

O (1] [

New and Sensitive
Data

User Intelligent Edge Devices Cloud Server

- Customization: Al systems need to continually adapt to new data collected from the sensors.

- Security: Data cannot leave devices because of security and regularization.

- TinyTL reduces the training memory from 300MB to 16MB

I I'IAN LAl



Training Memory is much Larger than Inference

500
375

250

MbV?2
Memory Footprint (MB)

125

0 I
Inference Training
Batch Size = 1 Batch Size = 8

 Edge devices have tight memory constraints. The training memory footprint of
neural networks can easily exceed the limit.

 Edge devices are energy-constrained. Failing to fit the training process into the
" - energy-efficient on-chip SRAM will significantly increase the energy cost. -
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Training Memory is much Larger than Inference

500
375

2l

MbV?2
Memory Footprint (MB)

125

0 I
Inference Training
Batch Size = 1 Batch Size = 8

 Edge devices have tight memory constraints. The training memory footprint of
neural networks can easily exceed the limit.

 Edge devices are energy-constrained. Failing to fit the training process into the
" - energy-efficient on-chip SRAM will significantly increase the energy cost. -
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Efficient On-device Learning Requires Small Training Memory

500

28)

>

— 375

S
D > T Raspberry Pi 1 DRAM
2 o 230 € N/ 256MB

- "

@)

c 125

()]

>

o T T
Inference Training
Batch Size = 1 Batch Size = 8

 Edge devices have tight memory constraints. The training memory footprint of
neural networks can easily exceed the limit.
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Activation is the Memory Bottleneck, not Parameters

B ResNet-50

800
600

6.9x larger
400 Activation is the

main bottleneck,
200 not parameters.

, 1

Param (MB) Activation (MB)

 Activation is the main bottleneck for on-device learning, not parameters.
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Activation is the Memory Bottleneck, not Parameters

B ResNet-50 B MbV2-1.4

800
“', 1.1x The main bottleneck does

600 not improve much.

6.9x larger
400 Activation is the

main bottleneck,

not parameters.
200 P

v 4.3x
0

Param (MB) Activation (MB)

 Activation is the main bottleneck for on-device learning, not parameters.

* Previous methods focus on reducing the number of parameters or
FLOPs, while the main bottleneck does not improve much.

I o7 I"IAN LLAla



Related Work: Parameter-Efficient Transfer Learning

B ResNet-50 (Full) M ResNet-50 (Last)

95 30
86
20
77 :
large accuracy drop
638 :
: 10
59
v
50 0
Cars Top1 (%) #Trainable Param (M)

* Full: Fine-tune the full network. Better accuracy but highly inefficient.
» Last: Only fine-tune the last classifier head. Efficient but the capacity is limited.
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Related Work: Parameter-Efficient Transfer Learning

B ResNet-50 (Full) M ResNet-50 (Last) ResNet-50 (BN+Last)

95 30
86 :
20
77 :
12X
68 .
10
59 .
4
50 0
Cars Top1 (%) #Trainable Param (M)

* Full: Fine-tune the full network. Better accuracy but highly inefficient.
 Last: Only fine-tune the last classifier head. Efficient but the capacity is limited.
. . Fine-tune the BN layers and the last layer. Parameter-efficient.

||
II I I I « Mudrakarta, Pramod Kaushik, et al. "K for the Price of 1: Parameter-efficient Multi-task and Transfer Learning." ICLR 2019. I. I A N I - A I :



Related Work: Parameter-Efficient Transfer Learning

B ResNet-50 (Full) B ResNet-50 (Last) ResNet-50 (BN+Last)

95 800
86 600 .
1.8x o
[/ , Parameter-efficiency does
400 v not directly translate to
memory-efficiency
68
59 200
50 0
Cars Top1 (%) Memory Cost (MB)

* Full: Fine-tune the full network. Better accuracy but highly inefficient.

» Last: Only fine-tune the last classifier head. Efficient but the capacity is limited.

. . Fine-tune the BN layers and the last layer. Parameter-efficient, but the
memory saving is limited.
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Related Work: Parameter-Efficient Transfer Learning

B ResNet-50 (Full) B ResNet-50 (Last) ResNet-50 (BN+Last)

95 800

12% :
86 ' 600 '

v 1.8x o
[/ , Parameter-efficiency does
400 v not directly translate to
memory-efficiency
68
59 200
50 0
Cars Top1 (%) Memory Cost (MB)

* Full: Fine-tune the full network. Better accuracy but highly inefficient.

 Last: Only fine-tune the last classifier head. Efficient but the capacity is limited.

. . Fine-tune the BN layers and the last layer. Parameter-efficient, but the
memory saving is limited. Significant accuracy loss.
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TinyTL: Memory-Efficient Transfer Learning

[ ResNet-50 (Full) I ResNet-50 (Last)
95 800
H

86 12% 600
/7

400
68
59 200
50 0

Cars Top1 (%)

Full: Fine-tune the full network. Better accuracy but highly inefficient.

2

esNet-50 (BN+Last) B TinyTL (ours)

1.8X

.

Memory Cost (MB)

Last: Only fine-tune the last classifier head. Efficient but the capacity is limited.

. Fine-tune the BN layers and the last layer. Parameter-efficient, but the
memory saving is limited. Significant accuracy loss.
TinyTL: fine-tune bias only + lite residual learning: high accuracy, large memory saving

102
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Bias update is Memory-efficient

-fmap in memory fmap not in memory i™ mobile inverted bottleneck block
learnable params fixed params weight bias
1x1 Conv Depth-wise Conv 1x1 Conv

6C, R 6C, R
Fine-tune the full network (Conventional)

C,R

Forward: a;,; =a,W;+ b,

oL . oL oL oL oL

T
Backward: = a , = W,
oW, E 0a; | 0b aaz+1 aai+2

« Updating weigjhts requires storing intermediate activations
« Updating biases does not

103

Weight update is Memory-expensive;
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TinyTL Idea 1: Fine-tune Bias Only

y=Wa+b
oL . oL oL _ oL _ oL .,
. p— a . — — .
SACKWAI: oW, T T day,  ob; oday, oan,

O‘I
*
*

» Updating weights requires storing intermediate activations
» Updating biases does not

M Full BN+Last B Bias+Last

400 —
320 :
240 12X
smaller
160 :
80 ,
\ 4
0 [

Memory Cost (MB)

Freeze weights, only fine-tune biases => save 12x memory
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TinyTL Idea 2: Lite Residual Learning

\

C, 0.5R

Downsample

-fmap in memory

learnable params

fmap not in memory i™ mobile inverted bottleneck block
fixed params weight
1x1 Conv Depth-wise Conv 1x1 Conv
L/ L/
- / _
6C, R 6C, R
Fine-tune bias only
Group Conv 1x1 Conv Upsample

1 C,05R _
Lite residual learning

I

* Add lite residual modules (small memory overhead) to increase model capacity

105
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TinyTL Idea3: Specialized Models for Different Tasks

] MobileNetV2 B ResNet-34

80.0

77.5

75.0

72.5

70.0

ImageNet Top1 (%)

MnasNet B ProxylessNAS B MobileNetV3 B ResNet-50 [ ResNet-101 Inception-v3
65.0 95.0 55.0
57.5 91.3 50.0
50.0 87.5 45.0

42.5

35.0
Cars Top1 (%)

83.8

80.0

Flowers Top1 (%)

. II I.l.
35.0

Aircraft Top1 (%)

The relative accuracy order between different pre-trained models changes significantly
among ImageNet and the transfer learning datasets, which motivates personalized and
specialized NN architecture for different downstream tasks.

tinyml.mit.edu
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TinyTL + Once-for-All Network

personalized model for different hardware and different tasks

easy dataset

|||il- diffi-cult dataset tinyml.mit.edu I' I AN I_ A I -




Memory Saving

¥ TinyTL Fine-tune BN+Last [1] % Fine-tune Last [2] + Fine-tune Full Network [3]

95
4.6x saving 4
e I + ........

85 jf SR
% /5 +
©
© 65

.xx
55 x
R
45
0 75 150 225 300

Training Memory (MB)

* TinyTL provides 4.6x memory saving without accuracy loss.

1] Chatfield, Ken, et al. "Return of the devil in the details: Delving deep into convolutional nets." BMVC 2014.
2] Mudrakarta, Pramod Kaushik, et al. "K for the Price of 1: Parameter-efficient Multi-task and Transfer Learning." ICLR 2019.

I 5 « [3] Kornblith, Simon, Jonathon Shlens, and Quoc V. Le. "Do better imagenet models transfer better?." CVPR 2019. -
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Flowers

93

96

94

92

90

33

¥ TinyTL
6.5x saving ... +
R Tt g
-|l'
0 100 200 300 400

Training Memory (MB)

Cars

Memory Saving

95

85

I4S

65

59

45

75 150 225
Training Memory (MB)

300

Food

89

81

77

/3

69

69

Fine-tune BN+Last [1] % Fine-tune Last [2] + Fine-tune Full Network [3]

4.5xsaving .o +
.+...
"
¥
x
0 100 200 300 400

Training Memory (MB)

* On different datasets, TinyTL provides up to 6.5x memory saving without accuracy loss.

(1] Chatfield, Ken, et al. "Return of the devil in the details: Delving deep into convolutional nets." BMVC 2014.
2] Mudrakarta, Pramod Kaushik, et al. "K for the Price of 1: Parameter-efficient Multi-task and Transfer Learning." ICLR 2019.
3] Kornblith, Simon, Jonathon Shlens, and Quoc V. Le. "Do better imagenet models transfer better?." CVPR 2019.
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TinyTL enables in-memory training

¥ TinyTL (batch size 1) TinyTL + Fine-tune Full Network
o Typical L3 C@he Size: 16MB
/ [P BN +
385 % - K S
w 75 t
E i
O 65
55
45 -
0 75 150 225 300

Training Memory (MB)

* TinyTL (tiny transfer learning) supports batch 1 training by group normalization.

» Together with the lite residual model, it further reduces the training memory cost
to 16MB (fits L3 cache), enabling fitting the training process into cache, which is
much more energy-efficient than training on DRAM.
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TinyML and Efficient Deep Learning

 AutoML and NAS
- Once-for-all Network [icLR’19]

» TinyML
- Inference: MCUNet for loT Devices [NeurlPS’20, spotlight]
- Training: Tiny On-Device Transfer Learning (TinyTL) [NeuriPs’20]

- Data-Efficiency
- Differentiable Augmentation for Data-Efficient GAN Training [NeurlPS’20]
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Data Is Expensive

‘.“m LL»; r"'-
: ..# > ..

FFHQ dataset: 70, OOO selective post processed human faces ImageNet dataset: millions of images from diverse categorles

Months or even years to collect the data,
along with prohibitive annotation costs.
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GANs Heavily Deteriorate Given Limited Data

sabewl Q0L
eweqo

sabewl Q91

sabewl! 8¢
('Te 10 prewnis) o (e 10 prewis) 1))

.Genrated samples of StyleGAN2 (Karras et al.)
using only hundreds of images
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GANs Heavily Deteriorate Given Limited Data

Bl StyleGAN2 (baseline)

14.5

100% training data 20% training data 10% training data

' i
| -
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1.0+
0.9+

(18-‘
0.7

0.6-

0.5

Discriminator Overfitting

v

-

D's Training Accuracy

|

I

|

I

|

]

[

l

|

]

i

[

[

[

| - 100% training data
| 20% training data
lﬂi — 10% training data
D

10 20 30 40 50

X103 iterations

60

1.0-
0.81
0.61

0.4

0.0

0.2-

D's Validation Accuracy

!

.

I N TN NN N P T . -

>
e —

I S N . .

— 100% training data
20% training data
— 10% training data

10

20 30 40
x 103 iterations

50 60
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#1 Approach: Augment reals only

Generated images

- b

PN

»

< 1
o Artifacts from Color jittering
update
zZ—> >

Augment reals only: the same artifacts appear on the generated images.
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#2 Approach: Augment reals & fakes for D only

D's accuracy

______ update 1.0
v D(T(x) -
| ;---------;l — Vs 0.8 - High accuracy on T(x) and T(G(z))
2= G |T(G(z)> D(T(G(z))) Ny
bk 0.4 -
update
0.9 - Low accuracy on G(z)
—D( (G(z)) ~ /
“ - 0.0

0 2 4 6 8 10 12 14 16 18 20
x 103 iterations

Augment D only: the unbalanced optimization cripples training.

i I'IAN LAl



#3 Approach: Differentiable Augmentation (Ours)

fakes reals

update

x—»f’f&):—» D(T(x))
- _'_ ________ » ,(') — VS. Color
= T(G(2) e D(T(G(2)))

D = D(T(G(2)))

Zz—>

Our approach (DiffAugment): Augment reals + fakes for both D and G
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Our Results

Bl StyleGAN2 (baseline) [l + DiffAugment (ours)

100% training data 20% training data 10% training data
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Train GAN with only 100 Images

Without our technique:

With our technique:

Generated samples of StyleGAN2 + DiffAugment (ours)
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Train GAN with only 100 Images

Without our technique:

With our technique:
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Fine-Tuning vs. Ours

B Scale/Shift (Noguchietal.) B MineGAN (Wang etal.) [ TransferGAN (Wang etal.) [ FreezeD (Mo et al.)
B Ours

100000 o1

10000 R _ -
38.25
No pre-training
1000
25.5
100 ---- - - -
12.75
10
1 0

Data Performance
100-shot Obama
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Train GAN with only 100 Images

ten 2l | L
STt o  IRWE G SR QA SR Taess

et W VT

mooth interpolation, generalize well
https://github.com/mit-han-lab/data-efficient-gans
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https://github.com/mit-han-lab/data-efficient-gans

Data-Efficient Deep Learning

Rare incidents Privacy concerns Under-represented subpopulations

Various factual and ethical reasons could cause limited data available.
This research will help alleviate these limitations.
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TinyML and Efficient Deep Learning

Three aspects: computation, engineers, data

E ﬂflI l_lﬂfl
] ﬂfl : gf.

A lot of computation
A lot of carbon

Many engineers

A lot of data
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TinyML and Efficient Deep Learning

 AutoML and NAS
- Once-for-all Network [icLR’19]

 TinyML
- Inference: MCUNet for loT Devices [NeurlPS’20, spotlight]
- Training: Tiny On-Device Transfer Learning (TinyTL) [NeurlPS20]

- Data-Efficient
- Differentiable Augmentation for Data-Efficient GAN Training [NeurlPs’20]
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TinyML and Efficient Al

1T FIAN LA

Hardware, Al and Neural-nets

songhan.mit.edu
tinyml.mit.edu

& voutube.com/c/MITHANLab
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https://songhan.mit.edu
http://tinyml.mit.edu
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