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Deep Compression

Make Al run Fast and Efficiently
with Limited Hardware Resource

Small Neural Networks
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Low-Power Hardware
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Deep Compression

Make Al run Fast and Efficiently
with Limited Hardware Resource
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Pruning & Sparsity
Increased attention  Publications per Yeal
since 2015 - “Notwork Pruning’
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0 Han et al., NIPS'15
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Learning both Weights and Connections for Efficient
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AutoML and Neural Architecture Search
auto design small models
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Proxyless Neural Architecture Search

o g - 5 [ICLR 2019]
50%
[ 1 Layer t-1 i
Ay By 30% !
1st Place of Visual Wakeup Words (VWW) Challenge 2019
AMC: AutoML for Model Compression Peak Memory Usage < 250KB, ours: 245KB
[ECCV 2018] Model Size < 250KB, ours: 242KB

MAC < 60M, ours: 50M, Accuracy: 94.6%


https://arxiv.org/pdf/1802.03494.pdf
https://arxiv.org/pdf/1811.08886
https://arxiv.org/abs/1812.00332

Deep Learning Going “Tiny”

Cloud Al Mobile Al Tiny Al
Data centers Smartphones loT Devices/
Expensive Accessible Microcontrollers
Connection required Process locally Cheap, small, low-power
Privacy Issue 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.

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



The Era of AloT on Microcontrollers (MCUs)

Microcontrollers
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Challenge: Memory Too Small to Hold DNN

Cloud Al Mobile Al Tiny Al
Memory (Activation) 16GB 4GB 320kB
Storage (Weights) ~TB/PB 256GB 1MB

- Tiny model design is fundamentally different.
- No DRAM. No operating system (no virtual memory).
- Can’t directly scale. (nhon-proportional activation vs. params)
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Challenge: Memory Too Small to Hold DNN

Cloud Al Mobile Al Tiny 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. (nhon-proportional activation vs. params)  smaller
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Today’s Al is too big!
Existing work only reduces model size, but NOT activation

B ResNet-18 MobileNetV2-0.75 (all with ~70% ImageNet Top-1)
12

9.6
Params:

75 4.6x smaller

4.8 Activation:

\i, 1.8x bigger!

Our budget --~-1---

Param (MB) Peak Activation (MB)

(calculated in INTS8)
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Reduce Both Model Size and Activation Size

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

12
9.6 MCUNet:
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MCUNet: TiInyNAS+TinyEngine Co-design

AutoML, Efficient Neural Architecture

G
[ ] MCUNet TinyEngine
\

Efficient Compiler / Runtime

* TINYNAS.: e TInyENgine:
» Re-design the design space » Co-design, specialization
» Latency-aware » Graph optimizations
* Energy-aware  Memory-aware scheduling
» Once-for-all Network: « Low-precision
train once, get many » Assembly-level optimizations
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MCUNet: Bring Al to IoT Devices

| TF-Lite Micro+MBV2 (scaled to fit MCU)
B MCUNet (TinyNAS + TinyEngine)

75

W \
' g 70.7%
® % 70
Y ! .0? < N
& .0 N 60
MIT researchers have developed a system, 55 53 8%
called MCUNet, that brings machine learning to
microcontrollers. The advance could enhance the
50

function and security of devices connected to the
Internet of Things (loT). ——MIT News ImageNet 1K, Top-1 Accuracy
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TinyEngine: Memory Saving

GF

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

- OctoML

—> 230
_—
g 184
j S—
a 138
(<P
2 92 smaller
2 4 | G
S ﬁ ]
0 ™—SmallCifar MobileNetV?2 asNet
w0.35-r64 w0.3-r64 w0.2-196

Illil- Measured on STM32 MCU IlIAN I'AI=18



TinyEngine: Speedup

(JoctoML ARM

C

TF-Lite Micro [ MicroTVM Tuned [ CMSIS-NN [ TinyEngine
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Latency (ms)|

SmallCifar MobileNetV2 roxylssAS " MnasNet
w0.35-r64 w0.3-r64 w(0.2-r96

Illil- Measured on STM32 MCU I.II‘\N I-I‘\I=



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) -39

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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TinyNAS: Neural Architecture Search

Use Human Expertise Use Machine Learning

AutoML

\ETRITEL Automatic
Architecture Architecture
Design Search

Neural Architecture Search (NAS)
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Neural Architecture Search

Very expensive: can emit as much carbon as five cars in their lifetimes
Not affordable.

Common carbon footprint benchmarks
in Ibs of CO2 equivalent

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

| 1,984

Human life (avg. 1 year)

American life (avg. 1 year)

US car including fuel (avg. 1 lifetime) 126,000

Transformer (213M parameters)m
architecture search

626,155 Transformer with Neural Architecture Search

N N L]
I I I | | Fig: MIT Technology Review;, Data: Strubell et al, ACL'19 I . I A N I - A I -



Once-for-All Network
| ow search cost

Human life 1 19023
(avg. 1 year)

American life
(avg. 1 year)

US car with fuel
(avg. 1 lifetime)

36,156

126,000

MnasNet T 454,000

1,335

OFA (Ours) # 340 <

0 100,000 200,000 300,000 400,000
CO» Emission (Ibs)

e SiX first-place finishes in top competitions in efficient Al

N FIANLLAl=



How to handle diverse MCU platforms?

Cortex M7 Cortex M7 Cortex M4
o STM32H743 STM32F746 W» STM32F412
2 (512kB/2MB) (320kB/1MB) " (256kB/1MB)

i IIAN LLAl3,,



Onc e-f() r-AI I Networ k =, Smaller child networks are

Train once, get many
Fit diverse hardware constraints

Cortex M7 Cortex M7 Cortex M4
STM32H743 STM32F746 STM32F412
(320kB/1MB) (256kB/1MB)

o (512kB/2MB)

L%
\ c;\co‘q_
[ |
I'IAN LLAl=
28



Once-for-All Network (@: Smaller child networks are

. 4 nested in larger ones
Train once, get many

Fit diverse battery constraints

battery-saving
Less battery mode

IIAN LLAl3,,

full battery




Once-for-All Network

* Specializing models (int4) for different MCUs (SRAM/Flash)

ImageNet Top-1 Accuracy (%)

75

70

65
60
55
50

STM32F412 STM32F746 STM32F/65 STM32H743
(256kB/1MB) (320kB/1MB) (512kB/1MB) (512kB/2MB)
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Once-for-All Network

* Specializing models (int4) for different MCUs (SRAM/Flash)

ImageNet Top-1 Accuracy (%)

75 The first to achieve >70%
ImageNet top1 accuracy on
70 commercial MCUs
65.9
65 63.5
62.0
60
55
50

STM32F412 STM32F746 STM32F765 STM32H743
(256kB/1MB) (320kB/1MB) (512kB/1MB) (512kB/2MB)
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Once-for-All Network

* Specializing models (int4) for different MCUs (SRAM/Flash)

ImageNet Top-1 Accuracy (%)

75 The first to achieve >70%
ImageNet top1 accuracy on
70 ; commercial MCUs
65.9 5
65 _ .
62.0 03,5 E+17“’/o
60 E
95 53.8
50

STM32F412 STM32F746 STM32F765 STM32H743
(256kB/1MB) (320kB/1MB) (512kB/1MB) (512kB/2MB)
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Once-for-All Network

> OFA + MobhileNetV3 <> MobileNetV?2

Top-1 ImageNet Acc (%)

Top-1 ImageNet Acc (%)
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+67.4

Google Pixel2 Latency (ms)
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Batch Size = 1

Once-for-All, ICLR’20

19

7

75

73

/1

69

67

[

73

69

66

62

58

7 10 13 16 19 22 25
LG G8 Latency (ms)
73.7
—t
29
71.5
..9'6':;:3
: v
€ XILINX
59.1
3.0 4.0 5.0 6.0 7.0 8.0

Xilinx ZU3EG FPGA Latency (ms)

Batch Size = 1 (Quantized

FIAN LAl


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

Once-for-All Network
Train only once, handle diverse hardware constraints

> OFA <> EfficientNet
81
80.1
S 79.8 /A — o
S L-79.8
< i
g 7 78.7 o
= -~ 78.8
O 5
(@)
&
£ 78
— kY
& 3.8% .h\gher
= accuracy
77
|
¢76.3
76

0 50 100 150 200 250 300 350 400

Google Pixell Latency (ms)

|||i|- Once-for-All, ICLR’20 I'II‘\N I-I‘\I= 24



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

Once-for-All Network
Train only once, generate the entire Pareto curve

O OFA
{77
9 A
e\i 75 P 0“\0
o
o 73 \
Z
()]
(@)
g 71 X
— ¥70.4 - "
& R
A= - 4@\ &°
' 67.4 +—
67

6 9 12 15 18 21 24
Samsung Note10 Latency (ms)

IMir Once-for-All, ICLR’20 I'IAN |-/'\|=I35



https://arxiv.org/pdf/1908.09791.pdf
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Once-for-All Network
Trade-off of accuracy and MACs

14x less computation

595M MAQS
80.0% Top-1

InceptionV3

79 i+ ResNetXt-50
ASNet-A
;\8 DPN-92
\577 | MBNetV3 DenseNet-169 ReSNetXt-l(z].
© °§ ProxylessNAS DenseNet-264
>
§ AmoebaNet DenseNet-121
— -
875 n MBNetV2 ResNet-101
[ PNASNet : ResNet-50
g ShuffleN InceptionV?2
D 73 - DARTS 2M AM 8M 16M 32M 64M
T
IGCV3-D : .

E Model Size The higher the better

71— _ O A

© MobileNetv1 (MBNetV1)
Handcrafted AutoML
The lower the better
69 | | | | | | |
0 1 2 3 4 5 6 I 8
MACs (Billion)

Xception

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

I"IAN LLAl=


http://ofa.mit.edu

Award Winning Technology

Vs CPU detection

’o':’ FPGA detection

922

5th Low-Power Computer Vision
Challenge

Visual Wake Words
on TF-lite

Visual Wake Words
Challenge @CVPR 2019

e

0
}’5 CPU classification CPU detection
()

»
L4

4th Low-Power Computer Vision
Challenge

3D Semantic
Segmentation

SemanticKITTI

¢

\ o
w\¢

}’ DSP Recognition
..

3rd Low-Power Computer Vision
Challenge

NLP track
Language Model

MicroNet Challenge
@NeurlIPS 2019

IAN LAl



NAAS: Neural Accelerator Architecture Search

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

Integrated with NAS T
' | Crossover Select
Best Fits:
Low EDP
- D n
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y .
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] Search Space c > : -] v
: Sample Mapping = = Mapping @) : +2.7%
_ - ' .
Decode Population L~ . &) 144 ¥ "
1 1
HW Perf. Hard : - 1
HW \—» Estimation EDFI) Eﬁugt?éﬁ : ! .4 ---------- .4 ------- .
Desc. ~ (MAESTRO) 1 e Q. 76
. @) 3.01X 1.47X
Decode EDP with Besf Mapping =
of Best Network
Accelerator N : 75 ResNet-50
m Sample Population &3 1 : | Net
. LI S ; Best
1 Accelerator A - a %. | Architecture 74 o mage €
1 Architecture = :
| Search Space |~ 0 0.5 1 15 2
Select|
Best Fits:| .
_[ Update ]< Low EDP| Normalized EDP

Sample Distribution

--------------------------------------------------------------------
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Applications

We focus on large-scale datasets to reflect real-life use cases.

Datasets:
ImageNet-1000
Wake Words
* Visual: Visual Wake Words

* Audio: Google Speech Commands

o

2555
00
SRR

9,

e

oo
L
"0

e

(a) ‘Person’ (b) ‘Not-person’
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Visual Wake Words (VWW)

-----------

® MobileNetV2 @ ProxylessNAS »¢ Hanetal. : OOM
92 92 —
X 0
o 90 90
S
-
)
< 88 88
S
% 86 86 :
+ 256kB constraint on
» MCU
84 84 :
0 440 880 1320 1760 2200 50 162.5 275 387.5 500
Latency (ms) Peak SRAM (kB)
(a) Trade-off: accuracy vs. measured latency (b) Trade-off: accuracy vs. peak memory
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Visual Wake Words (VWW)

-----------

MCUNEet ® MobileNetV2 @ ProxylessNAS »¢ Hanetal. : OOM '
92 92 —
X 0
o 90 90
©
= 5FPS
)
< 88 88
% 10FPS
< 86 86 :
+ 256kB constraint on
» MCU
84 84 :
0 440 880 1320 1760 2200 50 162.5 275 387.5 500
Latency (ms) Peak SRAM (kB)
(a) Trade-off: accuracy vs. measured latency (b) Trade-off: accuracy vs. peak memory
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Visual Wake Words (VWW)

-----------

MCUNet ® MobileNetV2 ® ProxylessNAS > Han et al. : OOM :
92 — 92 —
......................... 2.4x faster
.................. % I:"i",
& 90 90 D
= 3.7x smaller
O @i en i na s TTEELET I TP TN %
< 88 88 ' R
=
% 86 86 '
~ 3.4% faster + 256kB constraint on
» MCU
84 84 :
0 440 880 1320 1760 2200 50 162.5 275 387.5 500
Latency (ms) Peak SRAM (kB)
(a) Trade-off: accuracy vs. measured latency (b) Trade-off: accuracy vs. peak memory
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GSC Accuracy
N R S

O
o

o0
oo

Audio Wake Words (Speech Commands)

Latency (ms)
(a) Trade-off: accuracy vs. measured latency

MCUNet ® MobileNetV?2
> .
% 2% higher
S5FPS B
10FPS
0 340 630 1020 1360 1700

96

94

92

90

88

- - EEEmOEmOmOm Wy

@ ProxylessNAS . OOM
<o smaller:
: 256kB
+ constraint
30 147.5 265 382.5 500

Peak SRAM (kB)
(b) Trade-off: accuracy vs. peak memory
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Demo: Visual Wake Words on MCU

MBv1+TFLite-Micro MCUNet (TinyNAS+TinyEngine)

e Detecting if there is person

o« STM32F746

» 320KB SRAM

 TMB 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=



Grocery Shelf Detection

e - p— S -

{
IgSINES :.;
—- A —

Q- 9%
Jal Jesau il WA

Model size: 37KB (compared with MobileNet-v2: 3.5MB)
Computation: 352MOPs on 608x608 input resolution.

Ihr IIAN LLAl=



TinyML for Point Cloud

ARNR: a whole backpack of computer -

A -

.o ten
"~

accuracy ranks 1st on the SemanticKitti leaderboard

Approach Paper Code mloU Classes (loU)

SPVNAS 5] 67.0 mn ulisi iz =
Se'f_derlng a Who'e trunk Of GPU TORNADONet B 63.1 | snninulni.lsln sn
N e I TP , KPRNet P 63.1 ST [T
= Cylinder3D 1] O 61.8 Hnneenn_Eni_Eslnnss
FusionNet ] () 61.3 | [S— ] T
SalsaNext £ 0 595 Huns_mn_lsi.Nulnnsn
iPé d Pro 2020 : & KPConv P ¢ 588 Beneunn_lxn EnlinEss
Lidar Scanner Lo SqueezeSegV3 4] ) 55.9 | [S—— W T

SPVNAS (Ours): 9.1 FPS

Mobile phone: limited battery

e I'IAN L.Al=



Liu et al. ICRA221.

TinyML for Driving

.. 30fps
MinkowskiNet o
MinkowskiNet | 18
(w/ Kernel Optimization) |

Fast-LIDARNet

Inference Speed (Frames / Second)

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

Real-World Deployment

Vel evaluate our model on a full- scale vehiclelinkthelriealzwonld
‘%bsr el | T8

\\‘ g7 ".'[
A o> |

Demo:

I'IAN LLAl=
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GAN Compression, CVPR’20

TinyML for GAN

Accelerating Horse2zebra by GAN Compression

Demo:

—

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

Large Neural Networks Small Neural Networks

i I"IAN LLAl=


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

TI n y I\/I L fO r G A N S AnyCost GAN, CVPR21

AL, e

o~ s

e %"
SRR A

PRe

MACSs: \ V 100% 1.0x reductio

Large Neural Networks Small Neural Networks

&7
EETRRER)

[ )
SEBY
\ XKL/

QOO0 ©)
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g O
EE¥ (e

i IIAN LLAla,



TinyML for GANs

original

Face Editing with Anycost GAN

* select sample:

00_ryan.jpg C
channel: .
1/4 1/2
resolution: l
128 256
Reset

3/4

512

Finalize

smiling

young

narrow eye

wavy hair

1024 blonde hair
eyeglass

mustache

projected

Ready.

AnyCost GAN, CVPR’21

IIAN LLAla



TinyML for NLP

Efficient NLP on mobile devices

enable real

between speakers using different

languages

)
X

“Nice to meet you”

time conversation

(¢
= /r

‘Encantada de conocerte”
“OHLTA BEZFSLIC

REH BT

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 626.155
Transformer
HAT (Ours) l52< 12041 x )

0 175K 350K 525K 700K

CO2 Emission (1bs)

Large Neural Networks

29

28

27

26

Bleu Score

25

24

=
S
cah

O HAT (Ours)
<> Layer Number Scaling of Transformer
{1 Dimension Scaling of Transformer

HAT, ACL20
SpAtten, HPCA21

(2.9x Faster
3.7%x Smaller __.---- 7:1
';};\" ———— Transformer-Big
"' Transformer-Base
. WMT *14 En-De
3 7 11 16

20

Raspberry Pi ARM CPU latency (s)

Small Neural Networks

FIANLLAl=


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

TinyML for NLP s

SpAtten, HPCA21

On WMT’14 En-Fr Task

720 705 : 45
o
-
—
41.9 LL]
S 480 e 8 42
b 25% —
N =
D =
(S -
©
O 240 227 39 g
= LL]
—
af
57
2'% 28
0 36
Transformer HAT (Ours) HAT (8 bits) HAT (4 bits)

e HAT Is orthogonal to general model compression technigues

N — [ |
! JAN LLAI
I III HAT: Hardware-Aware Transformers, ACL 2020 I s =\ 2 55


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

HAT, ACL20

TinyML for NLP Spaten, HPCAZ1

End-to-End GPT-2
Latency Breakdown

10
 Motivation: Attention layer in natural language processing models g | H Others
IS the bottleneck for end-to-end performance. [ Attention
» Main idea: reduce redundancy Attention = ¢
: operation is the ©
1. Cascade_ oken angl hgad pruning | hottleneck % 4
2. Progressive gquantization: progressively fetch MSB and LSB ~
% (a0%
s
0 ‘ e N
TitanXp Xeon
GPU CPU
Cascade token and head pruning Speedup Over TITAN Xp GPU

As a visual treat, the film is almost perfect. O }1.0 (GPU Baseline)

kL T L . 22.1x speedup with specialized datapath (ASIC)
( BERT Layer 1 (100% Computation & Memory Access) ]

) 1 22.1
As treat, film perfect. with cascade token & head pruning
5 Tokens ¥ 10 Heads
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dccuracy. ( Layer :i (1 < /o) ) X +static quantizqtion: 1.6% +progressive qua‘ﬁtization: 1.7x

Sentiment Classification: Positive v 0 60 120 180
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[HPCA’21] Hanrui Wang, Zhekai Zhang, Song Han; “SpAtten: Efficient Sparse Attention Architecture with Cascade Token and Head Pruning”


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

TinyML for Video Recognition TSM, ICCV 2019

13D:
Latency 164 3 ms/Video Somethlng V1 Acc 41.6%
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TSM:
Latency 17. 4 ms/Video Somethlng -V1 Acc.: 43. 4%
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Speed-up: 9x
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https://arxiv.org/pdf/1811.08383.pdf

TinyML for Video Recognition TSM, ICCV 2019

13D: TSM:
Throughput: 6.1 video/s Throughput: 77.4 video/s
Something-V1 Acc.: 41.6% Something-V1 Acc.: 43.4%
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https://arxiv.org/pdf/1811.08383.pdf

Tiny Transfer Learning

Cloud-based Learning

On-device Learning
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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.

-\We can reduce the training memory from 300MB to 16MB
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Weight update Is Memory-expensive;

Bias update i1s 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 o C,R

Fine-tune the full network (Conventional)

Forward: 4,1 = aiWi + bi

oL

Backward: = 4, ; - = —
oW, E 0a; | ob; oa;,, oa,

. oL oL _ oL _ O

i+1

o Updating weights requires storing intermediate activations
e Updating biases does not
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TinyTL: Lite Residual Learning

-fmap in memory

learnable params

Downsample

fmap not in memory i™ mobile inverted bottleneck block
fixed params weight bias
1x1 Conv Depth-wise Conv 1x1 Conv
L/ L/
a4 / _
6C, R 6C, R
Fine-tune bias only
Group Conv 1x1 Conv Upsample

\

C, 0.5R

1 C,05R |
Lite residual learning

I

* Add lite residual modules (small memory overhead) to increase model capacity
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Data-Efficient GAN
Train GAN with only 100 Images

Without our technique:

With our technique:
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Train GANs with only 100 Images

.
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Smooth 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

Summary: TinyML and Efficient Deep Learning

[

Cloud Al Mobile Al Tiny Al
ResNet MobileNet MCUNet

U Project Page: http://tinyml.mit.edu IFIAN LLAIl=
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Hardware, Al and Neural-nets
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less computation TinyI\/IL fewer engineers
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less data

Q github.com/mit-han-lab
& voutube.com/c/MITHANLab

(D) songhan.mit.edu
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https://songhan.mit.edu
http://youtube.com/c/MITHANLab
https://github.com/mit-han-lab

