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AloT/Embedded AI market > 1/3 AI market

" Global AloT Market : $144.07 Billion by 2028, growing at a CAGR of 38.1% (1)
" Global Al Market : $422.37 Billion, growing at a CAGR of 39.4% (2)
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Neural Networks on STM32 MCUs
simple, fast, optimized
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Sources :
2 (1) : https://www linkedin.com/pulse/artificial-intelligence-things-aiot-market-projected-reach-sharma/
(2) : https://www .bloomberg.com/press-releases/2022-06-27/-422-377-billion-global-artificial-intelligence-ai-market-size-likely-to-grow-at-39-4-cagr-during-2022-2028-industry
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Problems in (centralized):
=  Connectivity (interference) |
» Latency (distant servers) ok A e
»  FEnergy consumption (cost of distant communication) o
» Centralized data processing (data flooding & data privac
Centmlized network management (number of objects
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Memory: 32 GB
Storage: TB/PB
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Memory: 4 GB

Storage: 256 GB (\0'0
¥
®
>
Memory: 256kB
Storage: 1MB

Advantages (distributed):
" Reduced data transfer " [ncreased security and privacy
» Low latency "  Network flexibility

"  Reduced network consumption " [ncreased semantic interoperability
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Training : Much larger Memory Footprint

On-Device Training Under 256KB Memory -

3* "'NEURAL
.'f INFORMATION
®

*}» PROCESSING
)8 SYSTEMS

2022

Ji Lin'* Ligeng Zhu'* Wei-Ming Chen' Wei-Chen Wang! Chuang Gan? Song Han'
IMIT ?MIT-IBM Watson Al Lab
https://tinyml.mit.edu/on-device-training

:256KB constraint
TensorFlow (cloud) '

PyTorch (cloud) bl
MNN (edge) : 1.2 MI
Tiny Training Engine :

7 3% i (Sec 2.3)

+ Quantization-aware scaling . e Dl (Sec 2.1)
+ Sparse layer/tensor update -¢:KB< 8.8x | (Sec 2.2)
+ Operator reordering rLﬂFB 1 2 4x (Sec 2.3) saii
» X
0.1 MB 1 MB 10 MB 100 MB

Figure 1. Algorithm and system co-design reduces the training memory from 303MB (PyTorch) to 141KB with
the same transfer learning accuracy, leading to 2300x reduction. The numbers are measured with MobilenetV2-
w0.35 [60], batch size 1 and resolution 128 x 128. It can be deployed to a microcontroller with 256KB SRAM.
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Deep Neural Network : Over-parameterization

" AlexNet: 240 MB
" VGG-16:552 MB

Quantization: less bits per weight

Pruning: less number of weights -2 ~- Tt T T Tw o Huffman Encoding
£ ) N ' [Cluster the Weights } ‘I / T N \
{ { Train Connectivity ] : E @ i : :
original | | same ' i | same ! [Encode WeightsJ | same
network p 7 . | accuracy , Generate Code Book 'accuracy | :accuracy
-E->| ! | Prune Connections [~ : QEE E : b : i E> E ! E>
2 | 9x- : . :
Ors;si’zlza"=| i P 2 : :red):lcti:)(ni ;;’;:né':: :IEO?: IghtSIc ir:cz:ci:oxn i [ Enkods incex J Er:::;igoxn
: Train Weights  [—/ E L S\ . : N !
‘\\ ) ’ ! : Retrain Code Book [—/ :
------------- - \\ . J /I

e S S S S S S S S S s e

Han, Song, Huiz1 Mao, and William J. Dally. "Deep compression: Compressing deep
" Deep Compression neural networks with pruning, trained quantization and huffman coding." ICML 2016.

" AlexNet : 6.9 MB (35x)
" VGG-16:11.3 MB (49x)
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I. Compression for Inference

I1. Save Computation at Training

[1I.  Toward AI Training on the Edge

IV. Conclusion
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Unstructured Pruning and Sparsity

® LeNetS
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Compression for Inference
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Unstructured Pruning and Sparsity

® Swin Transformer
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Depth Reduction ?

f{u) = max(0, u)

S

] 0




Ii%%!i%iiiiil
Paris
—Pot 1

;‘g&&g
’,‘ IP PARIS

10

Compression for Inference

Depth Reduction ?
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Compression for Inference

Entropy Guided Pruning

f{u) = max(0, u) Entropy of the i-th neuron at the /-th layer:

QO 1
- O
> log(2)

1§ @Y

{p™(1,112) 1og [p™(1,115)] + 77 (1,45) og [p°7 (1,1I5)]| }

p 1s the frequency of the i-th neuron to be in the ON/OFF state

Average entropy for /-th layer

i-th neuron H(I|Z) = L H(l,i|=)
[-th layer 5 N ZL:

¢-th sample 1n dataset =

)

yf . — ReLLU (zf Z)

Entropy = 0 => PRUNED
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Entropy Guided Pruning
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Train set

entropy guided pruning entropy estimation

» Jterative pruning based on the entropy of different layers.

"= More pruning should be applied to layers with lower entropy (more likely to reach zero entropy).

* To minimize the impact on model performance, more pruning should be done on smaller magnitude weights.
12
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Entropy Guided Pruning
Pruning irrelevance meter : 7, = H(|5) - 1 Z 0,
[Or]lo =~
The larger this value 1s, the least we N
are 1nterested 1n removing parameters Layer’s Entropy Cardinality of the non-zero weights in
from this layer the /-th layer
(Magnitude)
Pruning relevance: YT "
R = Zi l
0 Z;=0

Amount of parameters to be removed at the /-th layer:

exp|R; — maxg(Ry)]
>_; exp|[R; — maxy(Ry)]

6115 = 16115

13
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ResNet-18 trained on CIFAR-10

Sparsity 0% Sparsity 98.4% Sparsity 98.4%

2001 mmmm OFF (H(/,i|=)=0) 200\ mmm OFF (H(/, i|Z) = 0) > B OFF (M(/,i|Z) = 0)

200/ ™™ ON (H(l,1]=) = 0) 400, ™8 ON (H(/,i]z)=0) 00| WEEE ON (M(/,i]Z) = 0)
| e n,i12) 2 0 | (,013) =0 | 0,2 =0
S 300 S 300 520
éZOO §200 3200

100 100 100

0 Layer ¢ Layer 0 Layer
Test accuracy: 92.10% Unstructured Pruning Entropy Guided Pruning

Test accuracy: 92.73% Test accuracy: 93.12%

14
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Model Sparisty EGP Lay.rem. TOP-1

ResNet-18 on CIFAR-10 0.0 0/17 92.10
: : 0/17 92.56
Swin-Treansformer on Tiny-ImageNet SO0
Resnet-18 on 75.0 0/17 93.00

CIEARO v 1/17 92.81

038 0/17 93.03

' v 3/17 92.93

Notice: 08.4 0/17 92.73
. . , : : v 3/17 93.12
Non-linear activation in ResNet-18: ReLLU, 0.0 0/12 75.38
Non-linear activation in Swin-T: GELU 500 ‘1’% e
Swin-T on 75.0 0/12 72.02

Tiny-Inet v 2/12 70.28

038 0/12 67.58

' v 3/12 66.58

0/12 63.46

764 v 6/12 62.30

i

Z. Liao, V. Quétu, V. T. Nguyen and E. Tartaglione, " Can Unstructured Pruning Reduce the Depth in Deep Neural Networks?," in |
Workshop on Resource Efficient Deep Learning for Computer Vision, ICCV Workshop 2023.
15
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SCoTTi: Save Computation at TrainingTime

A
\/

’ not frozen

hreshold-e¢

|
[———>
range of frozen

=
o
N
O
=
[I

\4

range of velocity

threshold-e

16
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SCoTTi: Save Computation at TrainingTime

To update or not to update? Neurons at Equilibrium in deep models (2022)

o> ! /0 O
“HQ @

concatenated and normalized
PAZI[EUWLIOU pUE PIJRUI]BIUOD
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K Model at time ¢ — 1/

The cosine similarity between the outputs of the

same neuron 1n two consecutive epochs :
N;
set

¢t - ~t at—1
\ Learning steps ¢, Identification of neurons at equilibrium / T yz’,n,§ yi,n JE*

M W OSSO B M S SR O Ee SN B See e amw e WS SN BN OSSN B  SEN O BEE  TEw O BEN SEr A M W o mam W

C_ END

Validation

E M T o B el S S N I TR O BED O SEE SN SN o e e e

The velocity: vtA(pi = A¢: — MeqvtA_qsli The condition for a frozen state : \UtA¢| <€

17
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SCoTTi: Save Computation at TrainingTime

GD: The Ultimate Optimizer (2022)

e Work started from Almeida et al. (1999) and Baydin et al. (2018).
e Rule for hyper-gradients (eg. dynamic learning rate).
e Proposed a software implementation.

Of (w;)

Wit1 =— Wy — 41

Of (w;) ow;
Wit1 = W; — & —) 8 f(w;)
8wi _ ‘
Ai+1 = O — R
80(@'

If a is too small, the optimizer runs very . Of (wi1)
slowly, whereas if a is too large, the Of(wi) _ Of(wi) Ow; _ Of(wi) (wz‘l ~ Y owin )
optimizer fails to converge e ;. Show s Oa;

_ Of(wi) ( 3f(wi—1))

- 8wz- 8’(1)2'_1

18
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SCoTTi: Save Computation at TrainingTime

Velocity of the neurons

Ao A
Ye1 = {ve_(pl,i}ie[l.N]

.
7
-,
S
s

()

-
o,

o~
<

C DX
Epoch e-1 :>
Set

X
S
w

l:.(
VX
1} \

/) % ‘
4
)

Equilibrium threshold
€t = €—-1 —Na° Ve,. lL()ftraim Ytrain)

mini-batch
of training set
/

and threshold €;

Iterationt € [Epoch eJ !

H Compare velocity

Update the neurons that have a velocity UeA—¢1 ;
higher than €, in the backpropagation

& J
e Together with the learning rate, we also learn the threshold € which varies at the iteration scale.

e The velocity 1s however evaluated once after every epoch, on the validation set.

e As the learning rate 1s also optimized, the lower 1t becomes the higher € becomes, as the neurons will
converge faster to their final state.

Z. 11, E. Tartaglione and V. T. Nguyen "SCoTTi: Save Computation at Training Time with an adaptive

framework," 1n Workshop on Resource Efficient Deep Learning for Computer Vision, ICCV Workshop
2023.

19
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Experiments

< Optimization Approach
Dataset Architecture NEq 7] I:J'Ilimale z plin‘: pl BT Leaned« FLOPs saved  Top-1
00.00% 88.54%
v 37.41% 89.86%
VGG-16 [ 1] v 00.00% 92.76%
v v 30.98% 92.70%
CIFAR-10 9] v v 43.66% 92.58%
00.00% 91.59%
v 39.66% 90.96%
Swin-T* [1]] v 00.00% 91.65%
v v 48.84% 91.74%
v v 58.76 % 91.77 %
00.00% 68.42%
v 38.80% 69.97%
ResNet-32 | 1] v 00.00% 70.06%
v v 59.80% 69.24%
CIFAR-100 [ /] v v 60.59 % 70.43%
00.00% 69.69%
v 41.12% 71.40%
ResNet-56 [ 1] v 00.00% 70.15%
v v 56.58% 70.36%
v v 58.97% 71.55%
00.00% 73.21%
v 38.06% 72.19%
Clipart [+ ] ResNet-18 [ 1] v 00.00% 73.01%
v v 19.33% 72.60%
v v 53.86% 73.21%
00.00% 64.51%
v 27.94% 62.14%
Painting |+ ] ResNet-18 [ 1] v 00.00% 60).82%
v v 77.34% 63.46%
v v 76.92% 65.44%
00.00% 55.69%
v 53.28% 56.40%
Tiny ImageNet [1 '] MobileNet-v2* [11] v 00.00% 60.02%
v v 80.83% 60.53%
20 v v 86.44% 60.68 %
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FLOPs in Back-Propagation

® SColTi

* Ablation study on CIFAR-100, with a

ResNet-56, show the effectiveness of SCoTT1
compared to NEq and Ultimate Optimizer.

* In some cases the performance also

1IMproves.
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1eR

Test Accuracy

Save Computation at Training
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Toward Al Training on the Edge

On-Device Training

On-Device Training Under 256 KB Memory (2022)

TensorFlow (cloud)

:256KB constraint

M

PyTorch (cloud) M
MNN (edge) ' 1o MB
Tiny Training Engine : Rl 7 3x i (Sec 2.3)
+ Quantization-aware scaling : ZoMB. 2.0x (Sec 2.1)
+ Sparse layer/tensor update -J-K—IL 8.8x i (Sec 2.2)
+ Operator reordering ,lﬂl(B 1 2 4x (Sec 2.3)
0.1 MB I MB TS 100 MB

Figure 1. Algorithm and system co-design reduces the training memory from 303MB (PyTorch) to 141KB with
the same transfer learning accuracy, leading to 2300 X reduction. The numbers are measured with MobilenetV2-
w(0.35 [60], batch size 1 and resolution 128 x 128. It can be deployed to a microcontroller with 256KB SRAM.

TinyEngine: A Memory-Efficient Inference Library
» Eliminating runtime overheads,

* Memory scheduling

* In-place depth-wise convolution

Sparse Layer/tensor update
= Static sparse update schemes thanks to an offline evolutionary search
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Toward Al Training on the Edge

On-Device Training

Velocity-Based Neuron Selection

1. Neuron outputs at each epoch on a fixed validation
subset to determine their “velocity”.

2. NEq consists in the progressive freezing of neurons
as their velocity falls below a threshold €.

3. We update the k fastest neurons while staying
within a specified parameter budget.

=> This approach maintains high test accuracies and
prevents update costs from exceeding a predetermined
memory limit.

Highest velocity

vy

/" Neuron N7
( Velocity v ;|
\# of params p;/

‘ Updated at epoch

e+

Neurons ranked
with respect to their

velocity, in decreasing

order

Lowest velocity W

Vn

Selection of neurons to update given a
network of n neurons and a budget B

And :

Budget threshold such that :

k
Sk = Zpi <B
=]

Sks1 > B

Frozen at epoch
e+1
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Toward Al Training on the Edge

MobileNetV2

On-Device Training

Velocity-Based Neuron Selection

Topl accuracy
~ ~ ~ ~ ~ (o 0)
et N s e @ o

(o))
o

— SU
— Random
—— Velocity

Epochs

150 200

MobileNetV?2 testing accuracy through
training on C100, with only 8.8% of the

network’s parameters updated

% of network updated  BY Method Cifar 10 Cifar 100 VWW

Sparse Update 95.13+0.21 78.60+0.22 90.66+0.29

2.8 192 311 Velocity 05.25+029 79.46+0.12 91.40+0.16

Random 94.41+0.13 78.15+0.26 90.29+0.05

Sparse Update 95.30+£0.10 78.84+0.20 91.29+0.18

21.2 464 639 Velocity 95.36+0.07 79.67+0.28 91.48+0.39

Random 94.61+0.16 78.284+0.31 90.51+0.25

Sparse Update 95.16+0.29 78.62+0.18 91.46+0.21

30.8 675 540 Velocity 95.49+0.16 79.434+0.19 91.57+0.20

Random 94.57+0.20 78.58+0.11 90.58+0.10

Pretrained MobileNetV?2 final top1 test accuracies
(for the first epoch the neurons to update are

given by the associated SU scheme)
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Toward Al Training on the Edge

On-Device Training

Velocity-Based Neuron Selection

% of network updated  BY Method Flowers Food Pets CUB

Sparse Update 93.774+0.38 77.81+0.26 85.82+0.22 67.824+0.29

28 192 311 Velocity 93.03+0.47 79.16+0.16 85.50+0.17 67.52+0.05

Random 92.19+0.17 77.78+0.00 85.504+0.28 65.56+0.45

Sparse Update 94.28+0.36 78.264+0.07 84.63+0.15 68.04+0.28

21.2 464 639 Velocity 93.344+0.08 79.63+0.17 84.91+0.82 68.23+0.61

Random 92.43+0.10 78.26+0.07 84.73+0.29 66.30+0.13

Sparse Update 94.22+0.14 78.03+0.08 84.38+0.28 67.59+0.22

30.8 675 540 Velocity 93.77+£0.26 79.56+0.24 84.44+0.50 68.26+0.36

Random 02.83+0.03 79.00+0.11 84.39+0.42 66.17+0.42

Pretrained MobileNetV?2 final top1 test accuracies

(for the first epoch the neurons to update are

given by the associated SU scheme)
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Toward Al Training on the Edge

Final top1 test accuracies (for the first epoch the neurons to update are randomly selected)

On-Device Training

Model B Method  Cifar 10 Cifar 100 VWW Flowers Food Pets CUB
SU 94.88+0.12 78.15+0.13 90.75+0.17 92.70+0.06 75.02+0.23 86.93+0.22 66.48+0.41
192 311 Velocity  95.354+0.35 79.41+021 90.95+0.16 92.98+0.29 79.1840.07 85.56+0.47 67.92+0.27
Random 94.46+0.16 78.03+0.21 90.20+0.13 92.11+0.15 77.57+0.16 85.16+0.07 65.96+0.06
SU 95.00+0.08 78.69+0.19 90.80+0.24 92.86+0.33 76.50+0.23 86.64+0.27 67.81+0.23
NN 464 639  Velocity 95.49+0.02 79.52+0.11 91.41+0.19 93.324+0.15 79.67+0.19 84.36+0.76 68.19+0.24
Random 94.51+0.05 78.49+0.19 90.55+0.24 92.64+032 78.48+0.17 84.924+0.21 66.18+0.71
SU 95.18+0.17 79.03+0.30 91.03+0.16 93.08+0.09 77.19+0.07 86.42+0.45 67.72+0.32
675540  Velocity 95.57+0.11 79.21+037 91.72+0.15 93.33+0.31 79.68+0.16 84.37+0.28 68.19+0.24
Random 94.57+0.09 78.41+0.29 90.35+0.01 92.88+0.21 78.90+0.06 84.39+0.41 66.36+0.20
2189760 Baseline 95.93+0.14 79.83+0.29 91.80+0.03 94.02+0.03 80.63+0.10 82.82+0.18 69.24+0.34
Velocity 95.51+0.10 78.77+0.41 88.78+0.51 90.78+0.24 75.09+0.13 82.82+0.30 63.64+0.35
e Random 95.20+0.20 77.98+0.38 88.33+0.45 89.39+047 74.57+0.15 79.49+0.51 60.93+0.54
Velocity  95.36+0.15 79.12+0.12 89.16+0.31 91.02+0.17 75.72+0.23 82.01+0.60 63.84+0.39
Resnet18 R Random 95.68+0.10 78.28+0.22 89.21+0.23 89.53+0.17 75.17+0.12 79.40+0.34 61.42+0.32
Velocity  95.58+0.21 78.95+0.13 89.17+0.33 90.76+0.15 75.83+0.12 81.45+0.63 63.59+0.03
el Random 95.80+0.09 78.52+0.18 88.92+0.19 89.66+0.30 75.28+0.12 79.28+0.34 61.4540.32
11166912 Baseline 96.2+0.13 78.86+0.08 89.78+0.24 90.14+0.26 76.32+0.08 79.76+0.63 60.97+0.52
Velocity 97.10+0.07 82.94+0.35 93.04+0.15 93.65+0.08 81.10+0.05 90.11+0.25 73.73+0.52
2059888 Random 96.80+0.06 81.46+0.11 92.13+0.33 94.04+0.18 80.68+0.18 88.92+0.18 72.79+0.15
Velocity 97.12+0.09 82.79+040 93.37+0.14 94.84+0.08 81.62+0.17 89.42+0.25 73.55+0.18
Resnet50 R Random 96.97+0.08 82.04+0.11 92.59+0.20 94.23+0.22 81.524+0.11 88.46+0.07 72.40+0.60
Velocity 97.07+0.08 82.45+0.18 93.21+0.14 95.03+0.18 81.76+0.06 88.97+0.60 73.54+0.42
et Random 97.01+0.01 82.27+029 92.59+0.21 94.54+0.15 81.88+0.29 88.18+0.63 72.40+0.35
23454912 Baseline 97.30+0.04 82.63+0.25 92.914+0.22 94.87+0.20 82.49+0.15 87.294+0.34 72.93+0.41
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" AI compression for inference are possible because of
overparameterization of the DNN, and depth reduction 1s
proposed with Entropy Guided Pruning

" Saving computation at training 1s necessary because of the
enormous computational resources required for
backpropagation.

" Training on the Edge : 1t 1s not necessary to update all the
welghts all the time

" Hardware Aware Model Compression (power in data movement, not computation)
" Hardware Aware Neural Architecture Search (real life application => no pretrained model)
" Optimal Gradient Pruning ()

" Training on the Edge : Taking into account activation in constrained memory budget
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