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- FEAVITEEL | multiply and accumulate (MAC) > 90% computation
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FEiRRIPILEEREEE (1)

£1%3 Fully Connected Layer

Feed forward, fully connected

Multilayer Perceptron(MLP)

SR

Feed forward, sparsely-connected, weight shading

r\[

= Convolutional Layer

Convolutional Neural Network(CNN)

Typically used for images
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FiRRIPILEEREES (1)

EIAMILE Recurrent Layer

Feedback

Recurrent Neural Network(RNN/LSTM)

Typically used for sequential data(e.g., speech, language)

7= 731l#l Attention Layer

Attention(matrix multiply) + Feed forward, fully connected
Foundation Models

Transformer
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Figure 1: The Transformer - model architecture.
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&8 Convolution in CNN

* Key Operations is multiply and accumulate (MAC) > 90% computation

Filter(Weights) Input Feature Map Output Feature Map
A » QOutput for activation
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&8 Convolution in CNN

Multi-Filter Multi Input Multi Output
(Weights) Feature Map Feature Map
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&8 Convolution in CNN

Multi-Filter Multi Input Multi Output
(Weights) — Feature Map  — — Feature Map
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&8 Convolution in CNN

Feature Map 1

- W —>

Feature Map 2 Feature Map 3

* Dynamic Shape — Shape varies across layers

Feature Map N
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Models getting larger and deeper

Metrics

LeNet-5 AlexNet VGGI6 GoogleNet ResNet50 EfficientNet-B4
ermr(Tlif:gseNet) n/a 16.4 7.4 6.7 5.3 3.7
Input Size 28x28 227x227 224x224 224x224 224x224 380x380
# Conv Layer 2 5 16 21 49 96
# of Weights 2.6k 2.3M 14.7M 6.0M 23.5M 14M
# of MACs 283k 666M 15.3G 1.43G 3.86G 4.4G
# FC Layers 2 3 3 I | 65
# of Weights 58k 58.6M 124M IM 2M 4.9M
# of MACs 58k 58.6M 124M IM 2M 4.8M
Total Weights 60k 6IM 138M ™ 25.5M 19M
Total MACs 341k 724M 15.5G 1.43G 3.9G 4.4G
Reference Lecun, 1998 Krizhevsky,2012 Simonyan,2015 Szegedy,2015 He,2016 Tan,2019
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Models getting larger and deeper

. NASNet-A-Large
Metrics LeNet-5 AlexNet VGGI6 GoogleNet ResNet50 Efﬁcm;r;tNe
t- o SE-ResNeXt-101(32x4d) Inception-ResNet-v2
Top-5 - SE-RemNepSeud) b ’PathoMS'l s o
P ¥
error(lmage n/a 16.4 7.4 6.7 5.3 3.7 se-mmc-@‘e otion :N;‘_'}g;‘ ‘m_m"am)
Net) SE-ResNet-80) 5 eXt-101( s B
¥ . Net-101 FB-ResNet-152
Input Size 28x28 227x227 224x224 224x224 224x224 380x380 .
@resnet-50 ol-160
DualPathNet-68
# Conv 5 5 6 - . 96 N erseNet.121  Caffe-ResNet-101 veee o
Layer - @NASHot- A Mobile / D
= @ ResNet-34 \ :
# of Weights 2.6k 2.3M 14.7M 6.0M 23.5M 14M > BN-Inception vicisen QY
# of MACs 283k 666M 15.3G 1.43G 3.86G 4.4G 2 © MobileNet-v2 VoL
§ 90 A VGG-19
# FC Layers 2 3 3 1 I 65 0 VGG-16
a ResNet-18
o) e O
# of Weights 58k 58.6M 124M IM 2M 49M = e —
# of MACs 58k 58.6M 124M IM 2M 4.8M RSP VGG-11
Total /’/ — Y
X 60k 6IM 138M ™ 25.5M 19M 7 /4
Welghts / SqueezeNet-v1.1 /
ng s 1M 5M 10M S0M 75M 100M 150M
Total 80 4 ueezeNet-v1.
MACs 341k 724M 15.5G 1.43G 3.9G 4.4G e
q 5 AlexNet
Reference Lecun, 1998 K”Zt‘)ﬁ";ky’z S'm°">;a"’2° ' Spegedy,2015 He,2016 Tan,2019
0 5 10 15 20 25
Operations [G-FLOPs]
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Reduce number of unique values

Uniform quantization
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Piecewise linear quantization
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IRBEHEXIHATRRS

REN=E46i)I14: Quantization Training

8-bit with stochastic rounding JE&bit={t
>TSS Reduce number of bits
Binary Nets —{E{¢¥ & 1REY
e E =1 Non-Linear Quantization
Log-Net
N EITHR Reduce number of unique weights and activations

ADD Nets JIiEMZE
XNOR-Net Fai /& &Ry
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Pruning - Make weights Sparse

- YIS Training : ZnI SEUIRE | BRIREMNEERE , LU AEE ;
- B3 Pruning : IRIEEZXEEIENR, | IRMEREFEESZEE , BRI EHMEEM ;
- i@ Finetune : E[FEIEE FHITHE | AT EHFRAMNE AR S EIRETIRE E XA EERE.

Pruning
Synapses

Pruning _ _
neurons
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- Unstructured Pruning ( 134554 ) * Structured Pruning ( Z13{4555; )
o PEAXSIRIZAIN EE B R T TR ° X9 filter / channel / layer {7534
LA > g

Fine-Grained layer-level channel-level Filter-level
Sparsity(0-D) Sparsity(1-D) Sparsity(2-D) Sparsity(3-D)

B
A
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To prune, or not to prune: exploring the efficacy of pruning for
model compression

Table 4: NMT sparse vs dense results

— N el #units Sparsity NNZ params EN-DE BLEU score DE-EN BLEU score
EARFLHBEERERT , KiaERRE

256 0% 34M 2352 26.52
e/ NSRS T R HORSIE. 2w om0 25

768 0% 140M 26.63 29.41
ZIFERZ IemREEEN T |, BN 1024 0% 211M 2677 29.47
o R 5% M 2652 2924
A FHBIETRES, 90% 23M 26.19 28.81

RIFARAIBERT | BRI ERN

E’gd:%;__ﬂ Egﬁ% H]go Table 1: Model size and accuracy tradeoff for sparse-InceptionV3
Sparsity NNZ params Top-1acc. Top-5 acc.
S \ YA =< 3
AR R LA R R AE P 7 o 0% 27.1M 78.1%  94.3%
. 50% 13.6M 78.0% 94.2%
A&RE. 75% 6.8M 76.1%  93.2%
87.5% 3.3M 74.6% 92.5%
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Al it BEIEE (1)

IRIBAERY bit (LZ]

SRS SIS IR int8/intd EEF{RAIEE
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https://www.knime.com/blog/a-friendly-introduction-to-deep-neural-networks

2. https://machine-learning.paperspace.com/wiki/activation-function

3. https://developer.nvidia.com/blog/accelerating-ai-training-with-tf32-tensor-cores/
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