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Top-1 accuracy [%]

Inception-v4
80 A1 X i
Incepti ception
BenseNet: ResNet-101  ResNet-152
] LA O V6G-16  VGG-19
ResNet-34
MobileNet-v2
MobileNet-v1
70 1 oﬂ ResNet-18
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[1] EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks

.'.DenseNet-201 ResNet-152 (He et al., 2016) 77.8% 60M
; EfficientNet-B1 79.2% 7.8M
; ResNeXt-101 (Xie et al., 2017)| 80.9% SaM
° EfficientNet-B3 81.7% 12M
ResNet-50 SENet (Hu e al., 2018) 82.7%  146M
NASNet-A (Zoph et al., 2018) | 82.7% 8OM
. EfficientNet-B4 83.0% 19M
nception-v2 GPipe (Huang et al., 2018) | 84.3% 556M
ASNet-A EfficientNet-B7 84.4% 66M
° "Not plotted
ResNet-34 . . . | . .
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Deformable CNN

Vision
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« 64 GB

Language
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Computing For Training Al

1E+03 3000
X 3
=S Turing NLG Q Megatron-BERT
1E+02 Megatron-GPT2 )’(«“
A : __/-f‘{f?!érpT-z
& 1E+01 : =
& : = @ BERT
% 1E+00 i
& i~
1E-01 T eRester
AlexNet ‘,f’f
1E02 O~
1E-03 - -

2012 2013 2014 2015 2016 2017 2018 2019 2020

3000X Higher Compute Required to Train
Largest Models Since Volta
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Multi-layer
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propagation
Perceptron
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Sparsity
Types

Data
Structure

Sources

Percentage of Sparsity

Speedup Potential

Static
Sparsity

Weight

0.1 209 | 145

0.05 | -0.14 | 1.15

-0.89 | 2.12 | -0.48

Network pruning 0 209 | 1.45

0 0 1.15

wif |w| > 0.5

f(‘”)={0if lw| < 0.5

-0.89 | 2.12 0

Deep Compression AlexNet

100
. Ll J_l
0

Tx~50x

Sparse error inputs to previous layer

0 50 100

R
Initial Weights of a layer Sparse Weights of a layer E € € € £ *w *w * g
8 38 8 8§ s
@
G]
100
RelU activation
-0.01 | 671 | -8.97 function 0 6.71 0 50
. H 236 | -2.17 | -5.08 |:D 2.36 0 0
Activation I 0 Tx~10x
17.7 | 411 | -143 Ij Sl ° S & K & o e
Input features of ReLU layer X Sparse input features of next layer _@ & (O e (9(9 e~ é\e’
0 V} Q,Q 0% ‘k ‘? eo
. N P ® O
Dynamic
Sparsity CIFAR-10 DNN
121 | 671 | Backward 0 o |671| o convl
propagation
236 | 3.19 0 (121 O 0 conv2
2.36 0 0 0 ~
Gradient | [ o conv3 1x~10x
Max Pooling layer ~~ ] 0 0 319 GeoMean
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near Zeros
Vs

| 1 &£

1000 A

800 A

600

400 -

200 A

0 -
-0.4 0.3 —-0.2 -0.1 0.0 0.1 0.2 0.3 0.4

Data set: PTB, a language model
1 Million training words,
73k validation words,
82k test words

Model: 2-layer LSTM model,

LSTM size = 1500
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w < abs(w)
if w; < Threshold
W; < 0

Prune Connections Fine-tuning

SRS »
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Model Loss

85
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80

78

— = = Original -e—Pruning

——Pruning+Retraining
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20%

30% 40% 50% 60%
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100%
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Model Compression by Human:
Labor Consuming, Sub-optimal

[ ] [ ]
o O
[ [ ®
e ——-
& [ ]
o o
@ @
Original NN Compressed NN
—_ AMC Engine
[ ] [ ]
o O
[ [
o —_—
& [ ] ®
o o
@ @
Original NN Compressed NN

Model Compression by Al:

Automated, Higher Compression Rate, Faster

- ~Reward= -Error*log(F::LOP) y
Critic |« ' ; Layer t+1
1 > ?%
Act ction: Compress with p : //l/
S0 Sparsity ratio ai (e.g. 50%) Bl Layert
3 | o PP 50%
. f A2 Layer t-1
E h I I '
mbedding Embedding s=[N,C;H,W,i...] E m 30%
Agent: DDPG S

Environment: Channel Pruning

[3] AMC: AutoML for Model Compression and Acceleration on Mobile Devices
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L1:

L2:

C=L(W,b)+

C=L(W,b)+

12|w|
w

AZWZ

Fraction of weight

04

03

02

0.1

0.0




BRDAMREE  L(g(W),w) = Eyqy) [~ log p(DIw)] +KL(q(w)|[p(w))
_y _\,_/

Final w

— fN(WlO, o) log N'(w|0, o1)

]RI

-1.0 -0.5 0.0 05 1.0
Initial w

[2] Soft Weight-Sharing for Neural Network Compression
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1. Train Connectivity

Sparsity = 50%~90%

2. Prune Connections

: e
PRy
1%, .
Fivn = . e ¥
w <« abs(w) S T
if w; < Threshold i LRl . I_'-.'-
w; « 0 *.____-:l.-- Lt

3. Train Weights

=EIFNAIREFERZAR
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MESHERNE

. FERIE :
E AY
----- Original f’-’m@
y 7 RS
—8-Fine-grained
83
—A—Block Size (4*4)
Model 82
Loss —A—Block Size (8*8)
81
(i )Nt ) —A—Block Size (16*16)
80
79 La— — =
AN/ A S T
/8

0% 10% 20% 30% 40% 50% 60% 70% 80% 90%  100%

Sparsity



FPGA'19 #1 AAAI'19

02|01 /,02)|-06(01|04)-01] 06 -0.6 0.4 0.6
04 |-03/04 0102|0401 ] 05 0.4 0.4 0.4 0.5
0.7 |-01|-03] 01|05 |01 05|01 0.7 0.5 0.5
01|06 05|03 |-04)|-02)| 03 | 06 06 |05 03 |-04 03 | 0.6
(a)Original Dense matrix (b) Unstructured spare matrix
by global pruning
0.2 | 0.6 -0.1 | 0.6 0.2 | -0.6 0.4 0.6
"""" 0401 | Jo1]|os 0.4 0.4 0.4 0.5
0.7 | 0.1 0.5 | 0.1 0.7 0.3 0.5 0.5
0106 | | | 0.3 | 0.6 0.6  -0.5 0.4 0.6
(c) Block sparse matrix by pruning 2x2 (d) Bank-balanced sparse matrix by
blocks according to block average. local pruning inside each 1x4 bank

Efficient and effective sparse LSTM on FPGA with bank-balanced sparsity
Balanced sparsity for efficient DNN inference on GPU
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structured
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(2:4 non-zero) sero Non- Non- Output
: , Zero zero activations
Fine-tuning data indices

weights
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Convolution

F @
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Max-pooling

¢

Conv

cat
dog
P19
cow
boy

 RelU
* y =max(0x)

B mGWﬂ
|)~ o |
‘i aim

* Max-pooling
o y=max(x;|i=(12,..,n}

Single depth slice
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Resnet-16 i GiwIT

- THRERE : 40% ~ 90%
- IR ERNFET AN EEE
98% o
0.95 96% G
0.9 94% 96% 98%2/;
08 | o ¥ | Y BT
pre— § i % %
= 0.75 5% 909\ | [] 1 5 ‘B n
3 0.7: _/\ % 1 ? ’ ;
B 0. 65 79% Y 'Ry A (]
- !
xJ& 5 o 55 | 74% /N % v ; % y
05 F % % % %
. /] q ’ ; W
0642 e % 11 % 100l
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(flops)

1 23 45 6 78 910111213
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EEGIE: AlexNet

IR AlexNet Traing Weight Grad Sparse

1
—layer1
0.9 U
—layer4
0.8

layer7

0.7
layer9

0.6 —|ayerll

0.5
04 w
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0.2

0.1

0
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raining Nodes Deep Gradient Compression
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[] Deep Gradient Compression: Reducing the Communication Bandwidth for Distributed Training
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(a) Fixed point

' -

Quantized value

Raw value
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- -

Overflow
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Overflow
Raw value

(c) Binary
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Tensorflow ARESH X

[ Input (float) ]

Min Max
_.—""""Ff_ _._-—-—-—'_"—'_._._._—._.__
—
Quantize
Eight Bit Min | Max

QuantizedRelu

Eight Bit l Min | Max

Dequantize

[ Output (float) J

-0.2 -0.1 0 0.1 0.2

Min: -0.17 Max: 0.21
Min: 0x00 : Max; OxFF

M )
ORFRIAE?

_ 0—(=0.17)
~0.21—(-0.17)

X 256

=144
= 0x72
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Tensor R Conv2D Tensor
(fp32) (fp32) (fp32)

St

Weight
(fp16/int8))

Tensor . Tensor
(fp16/int8) (fp16/int8)

Low-bit operation (fp16/fx16/int8/etc.)
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Low-bit operation (fp16/fx16/int8/etc.)
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Full Precision Weight Full Precision Weight

Trained
Intermediate Ternary Weight Quantization Final Ternary Weight

-1 0 1

"teterien......_ gradient:

— Feed Forward =+---- Back Propagate Inference Time

Figure 1: Overview of the trained ternary quantization procedure.

sz s > A
quantized ternary weights:  w| = 0: || <A
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(1) Binarizing Weight
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sign(W)
(2) Binarizing Input ,
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Inefficient 1405, 02 2 o - 11..1 1
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A — A sign(I)
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Auto-differentiate by framework (TF/Pytorch/etc.)

Gradient
operator

Gradient
tensor

Back-propagation \

Softmax

) s -5 O

Layer 1 Layer 2
weights weights
1 Iteration: a basic learning step \\/

Training: 100~100000 Iterations o

(0

-

Data
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o Inference o Back-propagation

Softmax

o Sparse inference/backprop o Sparse matrix encoding
saves computation saves storage

Sparse matrix encoding
saves communication
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neuron pruning is conducted offline
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