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Models Are Getting Larger

IMAGE RECOGNITION SPEECH RECOGNITION
152 layers 465 GFLOP
12,000 hrs of Data
16X 22.6 GFLOP 10X S

~3.5% error

Model Training Ops

80 GFLOP

8 layers
7,000 hrs of Data

1.4 GFLOP

~16% Error ~8%Hror
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DL Models Are Getting Larger and More

Complex
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Operations [G-Ops]

https:// culurciello.github.idtech/2016/06/04/nets.html
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https://culurciello.github.io/tech/2016/06/04/nets.html
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Challenges of Large Model Size

A Real time execution A Power consumption
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Where Is the Energy Consumed?
larger model => more memory reference => more energy

Operation Enagy [pJ] Rdative Enerav Cog
32 bit int ADD 32 0.1

bit float ADD 0.9
32 bit Register File 32 1
bit int MULT 32 bit 3.1

float MULT

10 100 1000 10000

2

This image is in the public domain

how to make deep learning more efficient? i
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Outline 4 zx A K
StatiC Smaller: fewer Weights Pruning weights, vector, filter, channel
model

acceleration — |
Lower:quantization- from full  Low precision, weight sharing
precision to binary precision  Ternary and binary weights
Ternary and binarweights+activations

| ess Computation Low rank approximation

Winogradtransformation

Fasterlow complexity Squeezenet
architecture Mobilenet
Shufflenet



Platform Based Design Group

Outline

Dynamic

execution Execution >SNet
based on ...,
INput

Dynamic channel
pruning
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PRUNING: FEWER WEIGHTS
MODEL MODEL



Platform Based Design Group

Pruning

A Concept: Not all weights are created equal importance

before pruning after pruning

pruning
synapses

- ——>

pruning
neurons

———>

Han et al. Learning both Weights and Connections for Efficient Neural Networks. NIPSA5
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Pruning

A Prune unimportance weight
I Magnitude based method

Train Connectivity J
I If (w < threshold) w = 0;

Iterative
~ Pruning

06058 +Xx+

Retrain Weights [/

[ Prune Connections ](:D

/

60 Million

10x lessonnedions
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Algorithm 1: Pruning Deep Neural Networks

Initialization: W) with W©) ~ N(0,%), iter = 0.
Hyper-parameter: threshold, 0.
Output : W),

Train Connectivity
while not converged do

U*(t) _ I_I__,T(t—l) ?]{t)Vf(U (t—1) {t 1))

t=1t+1;
end

// initialize the mask by thresholding the weights.
Mask = 1(|W| > threshold);
W =W . Mask;

Retrain Weights

while not converged do
W) — =1 _ ';*;{t)Vf(I*I’T{t_l); J:{t—l));
W® =w® . Mask;
t=1t4+1;

end

Iterative Pruning

threshold = threshold + d[iter + +|;
goto Pruning Connections;

11
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lteratively Retrain to Recover Accuracy

O Pruning Pruning+Retraining @ lterative Pruning and Retraining
0.5%

4 R 0.0%=remsmwmarrrey
Train Connectivity -0.5%
. y, -1.0%
) 2 . 1.5%
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-2.5%

Prune Connections K2

& J/
-3.0%

AV
3.5%
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-
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Pruning: pruning procedure

A lterative pruning
I better pruning rate than direct pruning for AlexNet

-*= Direct Pruning -== Iterative Pruning

Tter-3

Iter-2

Sparsity (Zeros%)
Lh
]
=
Sparsity (Zeros%)
Lh
=
=

Tter-1

0 15 30 45 0 15 30 45
Retraining Epochs Retraining Epochs
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Pruning: pruning procedure

A Free lunch: 2x wo
retrain

A 9x w retrain

A L1 or L2 regularization

I L1 results in more zeros

I L2 + pruning+ retrain is
better

A No benefit to push more
Zeros

| Best: L2+ iterative prune
+ retrain

Accuracy Loss

0.5%
0.0%

-0.5%
-1.0%
-1.5%
-2.0%
-2.5%
-3.0%
-3.5%
-4.0%
-4.5%

wyyY

-0-L2 regularization w/o retrain
L1 regularization w/ retrain

Ll —4

-A-1.1 regularization w/o retrain
“0-1.2 regularization w/ retrain

“®-1.2 regularization w/ iterative prune and retrain

_____ L] -I'-g‘::::::::- --_.____;
“o..
40% 50% 60% 70% 80% 90% 100%
Parametes Pruned Away
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Pruning: Sensitivity

convl “©O-conv2z O-conv3d O-convd -O-convs

0% 0%

-5% -5%

-10% -10%

Accuracy Loss
Accuracy Loss

-15% -15%

-20% -20%

0% 25% 50% 75% 100% 0% 25% 50% 75% 100% 1259
#Parameters #Parameters

Figure 3.14: Pruning sensitivity for CONV layer (left) and FC layer (right) of AlexNet.
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Pruning Changes Weight Distribution

Before Pruning

After Pruning After Retraining
1.0 €4 1.0 €4 . - - 10 Jded : :
0.8 - 0.8 0.8 -
- 0.6 - - 0.6 - 0.6 -
0.4 - 0.4 oo
0.2 A 0.2 4 0.2 -
0.0 - - 0.0 - . 0.0 A !
-0.10 -0.05 0.00 0.05 0.10 -0.10 -0.05 0.00 0.05 0.10 -0.10 -0.05 000 005 0.10
Weight Value Weight Value Weight Value

Convs layer of Alexnet. Representative for other network layers as well.
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Pruning: Results
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SIS ArONR

Fully convolutional netw

Network Top-1 Error Top-5 Error | Parameters Plﬁualllélg
LeNet-300-100 1.64% - 267K
LeNet-300-100 Pruned 1.59% - 22K 12 %
LeNet-5 0.80% - 431K

LeNet-5 Pruned 0.77% - 36K 12 %
AlexNet 42.78% 19.73% 61M

AlexNet Pruned 42.77% 19.67% 6.7M 9x
VGG-16 31.50% 11.32% 138M

VGG-16 Pruned 31.34% 10.88% 10.3M 13 x
GoogleNet 31.14% 10.96% 7.0M

GoogleNet Pruned 31.04% 10.88% 2.0M 3.5x
SqueezeNet 42.56% 19.52% 1.2M

SqueezeNet Pruned 42.26% 19.34% 0.38M 3.2x
ResNet-50 23.85% 7.13% 25.5M

ResNet-50 Pruned 23.65% 6.85% 7.4TM 3.4x FC

17



Pruning AlexNet reduces the number of weights by 9x and computation by 3 x.

4erm pase

SIS SToup

ZERO WEIGHT/ACTIVATION RATIO OF ALEXNET [ 1]

Layer | Weights FLOP Activation’s Weight% FLOP% .
convl 35K 211M 88% 819 8497 Layer Zero Weight %] Zero Activation | %]
conv2 | 307K  448M 52% 38% 33% convl 15.7 0 '
conv3l 885K 299M 3?% 35% 18% conv? 621 50.9
convd | 663K 224M 40% 37% 14% conv3 65.4 76.3
convb | 442K 150M 34% 37% 14% convd 62 8 61 8
fc2 17M 34M 40% 9% 3% : : ——— — : ' .
fc3 4M 8M 100% 25% 10% Nonzero computation = 0.4*0.4=0.1
total 61M 1.5B 54% 11% 30%
Pruning VGG-16 reduces the number of weights by 12x and computation by 5x.
Layer Weights FLOP  Activation’, Weight% FLOP%
convl 1 2K 0.2B 53% H8% H8%
convl 2 37K 3.7B 89% 22% 12%
conv2 1 T4K 1.8B 80% 34% 30%
conv2 2 148K 3.78 81% 36% 29%
convd_ 1 | 295K 1.8B 68% 53% 43%
conv3d 2 | 590K 3.7B 70% 24% 16%
convd 3 | 590K 3.7B 64% 42% 29%
convd 1 IM 1.8B 51% 32% 21%
Weight in FC layer can be very sparsev4_2 | 2M  3.7B 45% 27% 14%
conv4d 3 2M 3.7B 34% 34% 15%
convh 1 2M 925M 32% 35% 12%
convh 2 2M 925M 29% 29% 9%
convh 3 2M 925M 19% 36% 11%
fc6 103M 206M 38% 1% 1%
fe7 17TM 34M 42% 4% 2%
fe8 AM 8M 100% 23% 9%




T layer2.1.conv2 147K 231B 56% 30% 18%  n Group
layer2.1.conv3 66K 103B 66% 30% 17%
. [ b L
Layer Weights FLODP Activation’s Weight% FLODP% e | 1ok i us SO
convl 9K 2368 90% 50% 50% layer2.2.conv3 66K  103B 58% 30% 16%
layer1.0.convl 1K 2%6B 5897, 10%, 36% layer2.3.conv1 66K 103B 49% 30% 17%
* _ ' : : layer2.3.conv?2 147K 231B 411% 30% 15%
layer1.0.conv2 37K 231B 64% 30% 18% layer2.3.conv3 66K 103B 59% 30% 129%
layer1.0.conv3 16K 103B 59% 30% 19% Tayer3.0.convl 131K 206B 32% 10% 23%
layer1.0.shortcut 16K 103B 59% 40% 36% layer3.0.conv2 500K  231B 62% 30% 10%
) H ol y y layer3.0.conv3 262K 103B 47% 30% 18%
layerl.1.convl 16K 1038 48% 30% 18% layer3.0.shorteut | 524K 206B 47% 30% 18%
layer1.1.conv2 37K 2318 51% 30% 14% layer3.1.conv1 262K 103B 48% 30% 14%
layer1.1.conv3 16K 103B 75% 30% 15% layer3.1.conv2 500K 231B 43% 30% 14%
] 100 0 0 layer3.1.conv3 262K 103B 52% 30% 13%
layerl.2.convl 16K 1038 49% 307% 22% layer3.2.convl 262K 103B 1% 30% 15%
layer1.2.conv2 37K 2318 44% 30% 15% layer3.2.conv? 500K 231B 40% 30% 12%
layer1.2.conv3 16K 103B 80% 30% 13% layer3.2.conv3 262K 103B 50% 30% 12%
- 110 N0 0 layer3.3.convl 262K 103B 36% 30% 15%
layer2.0.convl 33K 2068 41 fél 10 ﬁ 32 f:' layer3.3.conv2 500K 231B 39% 30% 11%
1&}'(31‘2 D.conv2 14?]‘:{ 231 ]’3 58 ;{‘: 33 Zj 14 ZJ 1&}-’01‘3.3.(301‘1\"3 269K 1038 A8% 30% 12%
layer2.0.conv3 66K 103B 50% 30% 17% layer3.4.convl 262K 103B 34% 30% 14%
layer2.0.shorteut | 131K 2068 50% 30% 24% layer3.4.conv2 500K 231B 35% 30% 10%
1 b ] o 0 o layer3.4.conv3 262K 103B 40% 30% 11%
ay er2.1.convl '56]':{ ]USB 61 ;{‘l SOZJ 15 Z_‘l 133_,01.3_5_301“,1 269K 1031 31% 30% 129%,
layer3.5.conv2 590K 231B 36% 30% 9%
layer3.5.conv3 262K 103B 32% 30% 11%
layer4.0.convl 524K 2068 23% 30% 10%
. layer4.0.conv?2 2M 231B 38% 30% ™%
ResNet50reduces the number of weights by 3.4X and 1311’,“4_0_00“3 ‘M 103B 1% 30% 19%
compu tation by6 25X layer4.0.shorteut 2M 206B 1% 30% 10%
. . ) i layerd.1.convl 1M 103B 27% 30% 12%
1. Bypass changes the activation sparsity due to add operation 1ayers.1.conv2 oM 231B 32% 30% 8%
. . : : layer4.1.conv3 1M 103B 56% 30% 10%
2. FC layer ifrResNeis global average pooling, no reduction in layerd. 1 convl N 103m 2107 30% 17%
activation layer4.1.conv2 2M 231B 37% 30% 6%
(o loons T T30 T % 7]
fc 2M 1K 100% 20% 20%
total 255M  8G 56% 29% 16%
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Pruning: RNN and LSTM

25|
“straw” “hat” END
o 20|
-
ol
= 15|
START “straw” “hat” ' e
-—8— no retrain
10}
- = = pretrained
*Karpathy et al, "Deep Visual- ~—— retrain
Semantic Alignments for Generating 5 . . :
Image Descriptions”, 2015. 50 60 70 80 90 95

Figure copyright IEEE, 2015; reproduced for educational purposes.

Pruned Weights (%)
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Pruning: Effect on RNN and LSTM

Original: a basketball player in a white uniform is
playing with a ball

Pruned 90%: a basketball player in a white uniform is
playing with a basketball

Original : a man is riding a surfboard on a wave

Pruned 90%: a man in a wetsuit is riding a wave on a
beach

Original : a soccer player in red is running in the field

Pruned 95%: a man in a red shirt and black and white
black shirt Is running through a field

21
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Learning Structured Sparsity in Deep
Neural Networks

Fine grained sparsity
: : . Table 4: Sparsity and speedup of AlexNet on ILSVRC 2012
A With regularization D T Sparsity and speedup of Afextier on
A # Method Topl err. Statistics convl conv2 conv3d convd convd
Cost = data loss + sparsity 67.6% 92.4% 97.2% 96.6% 94.3%
- 1 ¢ 44.67% CPU x 080 291 484 383 276
structured regularizer + 1 GPUx 025 052 138 104 136
NONSTr I column sparsity  0.0%  63.2% 76.9% 84.7% 80.7%
onstructured R SSL 44.66% row sparsity ~ 9.4%  12.9% 40.6% 46.9% 0.0%
regul arizer “ HRTe CPU x 1.05 337 627 973 493
GPU x 1.00 237 494 403  3.05
% Sparsity % FLOP reduction 3  pruning[7] 42.80% sparsity 16.0% 62.0% 65.0% 63.0% 63.0%
00 \ 0( _
U econnt e sparsity 147% 762% 853% 815% 763%
80 - “=comv2 | 80 4 3 42.51% CPU x 034 099 130 110  0.93
*convd | GPU x 008 0.17 042 030 0.32
60 “<convd | 60
“*-convs column sparsity  0.00% 20.9% 39.7% 39.7% 24.6%
40 - —FLOP 40 5 SSL 42.53% CPU x .00 1.27 .64 168  1.32
GPU x 1.00 125 1.63 .72 1.36
20 20
DNNSs require a very high n@tructured sparsity to achieve a reasonable
Y5 4 s a3 ais s speedup (The speedups are even negative when the sparsity is low). SSL,

% top-1 error

however, can always achieve positive speedups
Learning Structured Sparsity in Dedpural Networks

22
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Pruning: Regular Sparsity for HW Load

Balance

A Sort the L1 norm of
that granularity
I Discard if smaller
I E.g. target 30% sparsity
I Discard smallest 70%

Irregular

= Regular

=] el

B ] B

(] o]
[N

Vector-level
Sparsity(1-D)

Fine-grained
Sparsity(0-D)

OB
Nl

Filter-level
Sparsity(3-D)

Kemel-level

Sparsity(2-D)

Figure 1: Different sparse structure in a 4-dimensional weight tensor. Regular sparsity makes

hardware acceleration easier.

Sub-kemel
Vector

Figure 2: Example of Sub-kernel Vector,

Filter and Kernel.

Exploring the Regularity of Sparse Structure in Convolutional Neural Networks

Weights = Array(C, K, R, S)

# Case: Dimension-level granularity
Filter(3-Dim) = Weights[c, :, :, :]
Kernel(2-Dim) = Weights[c, k, :, :]
Vector(1-Dim) = Weights[c, k, r, :]
Fine-grain(@-Dim) = Weights[c, k, r, s]

Pseudo code: different granularity levels

23



Table 1: Comparison of accuracies with the same density/sparsity.

- - - Baseline
—+— Pruning Kernels (20}

—*— Fine-grained Pruning (0D)
—=®— Pruning Filters (30}

Pruning Vectors (10)

81.0 L

Top-5 Accuracy
=] =]
[{=] [{=]
e ]
| |

=4

o

t
1

78.0 :

5 B8
(] (]
| |
N
il
f'l
o
fo
|||
U
|
:I||
||k
I
Iy
1 !
I
! 5
I
P
1
I
1
LY
I
|
("
/ z
,f’)r:
|
/
|
I

0.0 0.2

Figure 4: Accuracy-Sparsity Curve of AlexNet obtained by iterative pruning.

0.4 0.6
Sparsity

Weight Weight
Index Weight
Weight Weight
Index Index
Weight : |
| Saving! |
Fine-graimned Coarse-gramed

Figure 5: Illustration of index saving.

0.8 1.0

Model Density Granularity Top-5
Kernel Pruning (2-D) 79.20%
AlexNet 24.8% Vector Pruning (1-D) 79.94%
Fine-grained Pruning (0-D)  80.41%
Kernel Pruning (2-D) 89.70%
VGG-16 23.5% Vector Pruning (1-D) 00.48%
Fine-grained Pruning (0-D)  90.56 %
Kernel Pruning (2-D) 88.83%
GooglLeNet 38.4% Vector Pruning (1-D) 89.11%
Fine-grained Pruning (0-D) 89.40%
Kernel Pruning (2-D) 92.07%
ResNet-50 40.0% Vector Pruning (1-D) 02.26%
Fine-grained Pruning (0-D) 92.34%
Kernel Pruning (2-D) 01.56%
DenseNet-121 | 30.1% Vector Pruning (1-D) 01.89%
Fine-grained Pruning (0-D) 92.21%
—a— Fine-grained Pruning(0D) —a— Pruning Vectors(10D)
—*— Pruning Kernels(2D)
1
Bits per Weight
Figure 6: Three curves are almost identical,
indicating sparsity structure does not impact o

quantization.

Jroup



Naﬂnrm Bﬂﬁﬂa Bﬂ&lgﬂ GI‘Q“R

Pruning: Filter Pruning Result on Recent

Models

A Training a pruned

Table 1: Overall results. The best test/validation accuracy during the retraining process is reported.
Training a pruned model from scratch performs worse than retraining a pruned model, which may
indicate the difficulty of training a network with a small capacity.

model from scratch

Model Error(%) FLOP Pruned %  Parameters  Pruned %
VGG-16 6.75 3.13 x 10° 1.5 x 10°
performs WOrse VGG-16-pruned-A 6.60 2.06 x 10°  34.2% 54x10° 64.0%
A . . VGG-16-pruned-A scratch-train 6.88
Threshold criteria ResNel-56 6.96 1.25 x 10° 85 % 10°
. . ResNet-56-pruned-A 6.90 1.12 x 10°  10.4% 7.7 % 107 9.4%
I L1 norm Is better ResNet-56-pruned-B 6.94 0.00 x 107 27.6% 73x10°  137%
th I_2 ResNet-56-pruned-B scratch-train 8.69 |
an norm ResNet-110 6.47 253 x 10° 172 % 10°
.. ResNet-110-pruned-A 6.45 2.13 x 10 15.9% 1.68 x 10 2.3%
I Prune smallest ResNet-110-pruned-B 6.70 1.55 x 10°  38.6% 1.16 x 106 32.4%
ResNet-110-pruned-B scratch-train ~ 7.06
better than random ResNet-34 26.77 3.64 x 10° 2.16 x 107
or largest ResNet-34-pruned-A 27.44 3.08 x 10°  15.5% 1.99 x 107 7.6%
ResNet-34-pruned-B 27.83 2.76 x 10° 24.2% 1.93 x 10"  10.8%
ResNet-34-pruned-C 27.52 3.37 x 10°  7.5% 2.01 x 107 7.2%

ResNet56-pruned-A pruning 10% filters while skipp

iIng the sensitive layers 16, 20, 38 and 54

ResNets6-pruned-B skips more layers (16, 18, 20, 34, 38, 54) and prunes layers with p1=60%, p2=30% and p3=10%

PRUNING FILTERS FOR EFFICIENT CONVNETS



Network Slimming: BN Scaling Factors
Channel Sparsity to Channel Pruning

channel scaling _ , channel scaling _ ,
i-th conv-layer  factors (i+1)=/-th i-th conv-layer factors (i+1)=-th
conv-layer - ~ conv-layer
AT —(® 1170
pruning _ E—— @ 029

AT+ @ 0520 / TR —— @ 03,

initial network compact network

Figure 1: We associate a scaling factor (reused from a batch normalization layer) with each channel in convolutional layers. Sparsity
regularization is imposed on these scaling factors during training to automatically identify unimportant channels. The channels with small
scaling factor values (in orange color) will be pruned (left side). After pruning, we obtain compact models (right side), which are then
fine-tuned to achieve comparable (or even higher) accuracy as normally trained full network.

26
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P attarm Rasedl REsten Grmmm
Channel Sparsity to Channel Pruning

VGG-A Baseline 50% Pruned
SR EERERRR o— 137 OM 73 9M
: : Params Pruned - 82.5%
[ i | ¥ | Tranwith e Fine-tunethe | » [ Compact | FLOPs 4.57x10" 3.18x 10"
_network || aon’| ™ | scing acors |7 | Prmd networ -'L . ‘ FLOPs Pruned . 30.4%
Validation Error (%) 36.69 36.66
Figure 2: Flow-chart of network slimming procedure. The dotted-
line is for the multi-pass/iterative scheme. Table 2: Results on ImageNet.

Model Parameter and FLOP Savings

A L1 norm penalty for sparsity | o

A Scaling factor combined with BN ® g
to select pruned channels s
= “in — HB ~ 20
< = “‘12 ) zﬂut:'-]"g"‘ﬁ )
\/JH —|_ € VGGNet DenseNet-40 ResNet-164

_ Figure 3: Comparison of pruned models with lower test errors on
L= [ W), A A = ..
{z:} (F(z,W),9) + ;g[ /) g(s) = s|. CIFAR-10 than the original models. The blue and green bars are
oY k parameter and FLOP ratios between pruned and original models.
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(a) Test Errors on CIFAR-10

Model Test error (%) Parameters Pruned FLOPs Pruned
VGGNet (Baseline) 6.34 20.04M - 7.97x10% -
VGGNet (70% Pruned) 6.20 2.30M 88.5% 3.91x10° 51.0%
DenseNet-40 (Baseline) 6.11 1.02M - 5.33x10% -
DenseNet-40 (40% Pruned) 5.19 0.66M 35.7% 3.81x10% 28.4%
DenseNet-40 (70% Pruned) 5.65 0.35M 65.2% 2.40%10% 55.0%
ResNet-164 (Baseline) 5.42 1.70M - 4.99 % 10° -
ResNet-164 (40% Pruned) 5.08 1.44M 14.9% 3.81x10° 23.7%
ResNet-164 (60% Pruned) 5.27 1.10M 35.2% 2.75x10° 44.9%

(b) Test Errors on CIFAR-100

Model Test error (%) Parameters Pruned FLOPs Pruned
VGGNet (Baseline) 26.74 20.08M - 7.97x10° -
VGGNet (50% Pruned) 26.52 5.00M 75.1% 5.01x10° 37.1%
DenseNet-40 (Baseline) 25.36 1.06M - 5.33x10° -
DenseNet-40 (40% Pruned) 25.28 0.66M 37.5% 3.71x 108 30.3%
DenseNet-40 (60% Pruned) 25.72 0.46M 54.6% 2.81x10% 47.1%
ResNet-164 (Baseline) 23.37 1.73M - 5.00x 10% -
ResNet-164 (40% Pruned) 22.87 1.46M 15.5% 3.33x10° 33.3%
ResNet-164 (60% Pruned) 23.91 1.21M 29.7% 2.47x10° 50.6%
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Layer Pruning

A Shortcuts to avoid cuting off the message propagation in the DNN

e Plaint net * Residual net

"

‘ weight layer ‘

X

weight layer

any two

identity
X

stacked layers l relu F(JC)

weight layer

weight layer

H(x) H(x)=F(x) +x

Learning Structured Sparsity in Dedpural Networks
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Single Shot Network Pruning Based on
Connection Sensitivity

A Prune once prior to training
I connection sensitivity as the normalized magnitude of the derivatives

I measure the sensitivity as to how much influence elements have on the loss
function regardless of whether it is positive or negative. This criterion alleviates
the dependency on the value of the loss, eliminating the need for pre-training

Algorithm 1 SNIP: Single-shot Network Pruning based on Connection Sensitivity

Require: Loss function L, training dataset D, sparsity level & - Refer Equation 3
Ensure: ||[w*|p <&
1: w + VarianceScalingInitialization > Refer Section 4.2
2: Db = {(xi,y:)}o_, ~ D > Sample a mini-batch of training data
qmb
3: 55 EE Ilzgwk-l{i:%"}l ., Vjie{l...m} > Connection sensitivity
4: s + SortDescending(s)
5: ¢j + 1[s; — 5. 20], Vje{l...m} > Pruning: choose top-x connections
6: W* + argmin,, pm L(c ® w;D) > Regular training
7
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Architecture Model Sparsity (%) # Parameters Error (%) A
AlexNet-s 90.0 5.1m — 507k 14.12 — 14.99 +0.87
AlexNet-b 90.0 8.5om — 849k 13.92 — 14.50 +0.58
Convolutional VGG-C 95.0 10.5m — 526k 6.82 — T7.27 +0.45
VGG-D 95.0 15.2m — 762k 6.76 — T7.09 +0.33
VGG-like 97.0 15.0m — 449k 8.260 — &8.00 —-0.26
WEN-16-8 95.0 10.0m — 548k 6.21 —+ 6.63 +0.42
Residual WRN-16-10 95.0 17.1m — 856k 291 — 643 +0.52
WEN-22-8 95.0 17.2m — 85H&8k 6.14 —+ 5.8 —-0.29
LSTM-s 95.0 137k — 6.8k 1.88 — 1.57 —-0.31
Recurrent LSTM-b 95.0 23ok — 26.8k 1.15 —- 1.35 +0.20
GRU-s 95.0 104k — 5.2k 1.87 — 241 +0.54
GRU-b 95.0 404k — 20.2k 1.71 — 1.52 —-0.19

Table 2: Pruning results of the proposed approach on various modern architectures (before — after).
AlexNets, VGGs and WRNs are evaluated on CIFAR-10, and LSTMs and GRUs are evaluated on the

sequential MNIST classification task. The approach is generally applicable regardless of architecture
types and models and results in a significant amount of reduction in the number of parameters with
minimal or no loss in performance.
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T Platform Based Design Group
Rethinking the Value of Network Pruning

A Fine-tuning is not useful

I comparable or even worse performance than training that model with
randomly initialized weights

A Target architecture matters
I No need for pruning for predefined target network architecture
I Directly train the target network from scratch

A 3 implications
I large, over-parameterized model is not necessary for efficient final model

I learned "Important” weights of the large model are not necessarily useful
for the small pruned model

I Pruned architecture, instead of weights, iIs more important
I (Pruning as a network architecture search)

33
Source: Rethinkinthe Value of Network Pruning
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A 4-layer model

Predefined: prune
X% channels in
each layer

Automatic: prune a%,
b%, c%, d% channels
in each layer

Network slimming [Liu2017]

L1-norm based channel pruning[Li, 2017]  SParse structure selection [Huang, 2018]
ThiNefLuo, 2017] Non-structured weight pruning [Han, 2015]

Regression based feature reconstruction[He, 2017]

34
Source: Rethinkinthe Value of Network Pruning
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Fine Tuned v.s. Training from Scratch

A Which one is better for small model
I Pruning + fine-tuned v.s. training from scratch

A Factors

I Pruning method
A Structured v.s. non-structured

I Training time

35
Source: Rethinkinthe Value of Network Pruning
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Fine Tuned v.s. Training from Scratch

A Scratch-B: longer training time (50% cut, 2X training time)
A Scratch-E: same training time
A The Pruned Model : the list of predefined target models

model
Dataset Model Unpruned Pruned Model Fine-tuned Scratch-E Scratch-B
VGG-16 | 93.63 (£0.16)  VGG-16-A 9341 (£0.12) 93.62 (£0.11) 93.78 (£0.15)
ResNet-56-A  92.97 (£0.17) 92.96 (£0.26) 93.09 (£0.14)
CIFAR-10 | RENEE0 1931201 b Net-56-B 92,67 (£0.14)  92.54 (£0.19)  93.05 (£0.18)
ResNet-110-A 93.14 (£0.16) 93.25 (£0.29) 93.22 (£0.22)
ResNet-110-B  92.69 (£0.09) 92.89 (£0.43) 93.60 (£0.25)
ResNet-34-A 72.56 72717 73.03
ResNet-34-B 72.29 72.55 72.91

ResNet-110 | 93.14 (£0.24)

ImageNet | ResNet-34 73.31

Table 1: Results (accuracy) for L1-norm based channel pruning (Li et al., 2017). “Pruned Model™ is the model

pruned from the large model. Configurations of Model and Pruned Model are both from the original paper.
Source: Rethinkinthe Value of Network Pruning
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q
both Scratckhe andScratchB can almost always achieve better performance

than the finetuned model, often by aignificant margin

Dataset Unpruned Strategy Pruned Model Small model
VGG-16 VGG-Conv VGG-GAP VGG-Tiny

71.03 Fine-tuned —1.23 —3.67 —11.61

7151 Scratch-E —2.75 —4.66 —14.36

' Scratch-B +0.21 —2.85 —11.58

ImageNet
- ResNet-50 ResNet50-30% ResNet50-50% ResNet50-70%
75.15 Fine-tuned —6.72 —4.13 —3.10
* - —5. —2.8 —1.
76,13 Scratch-E %l 2.82 .1 71
Scratch-B —4.56 —2.23 —1.01
Small model

Table 2: Results (accuracy) for ThiNet (Luo et al., 2017). Names such as “VGG-GAP” and “ResNet50-30%"
are pruned models whose configurations are defined in Luo et al. (2017). To accommodate the effects of
different frameworks between our implementation and the original paper’s, we compare relative accuracy drop
from the unpruned large model. For example, for the pruned model VGG-Conv, —1.23 1s relative to 71.03 on
the left, which 1s the reported accuracy of the unpruned large model VGG-16 in the original paper: —2.75 1s

relative to 71.51 on the left, which 1s VGG-16"s accuracy in our implementation.
model 38

Source: Rethinkinthe Value of Network Pruning
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Fine Tuned v.s. Training from Scratch

Dataset | Unpruned Strategy  Pruned Model
VGG-16 VGG-16-5x

71.03 Fine-tuned —2.67

cratch- —3.46

7151 Scratch-E é_l()

Scratch-B —0.51

ImageNet

ResNet-50 ResNet-50-2x

75.51 Fine-tuned —3.25

cratch- —1.55

76.13 Scratch-E |
Scratch-B —1.07

Table 3: Results (accuracy) for Regression based Feature Reconstruction (He et al., 2017b). Pruned models
such as “VGG-16-5x"" are defined in He et al. (2017b). Similar to Table 2, we compare relative accuracy drop
from unpruned large models.

Regression based Feature Reconstruction (He et al., 2017b) prunes channels by mitheizagiremap reconstruction
error of the next layer. Different frorithiNet(Luo et al., 2017}his optimizationproblem is solved by LASSO regression.

model 39
Source: Rethinkinthe Value of Network Pruning
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Fine Tuned v.s. Training from Scratch

Dataset Model Unpruned Prune Ratio Fine-tuned Scratch-E Scratch-B
VGG-19 03.53 (£0.16) 70% 03.60 (£0.16) 93.30 (£0.11) 93.81 (+0.14)
| 10% 04.77 (£0.12) 94.70 (£0.11) 94.90 (+0.04)
PreResNet-164 | 95.04 (20.16
CIFAR-10 | & EResRe ( : 60% 0423 (£0.21) 94.58 (£0.18) 94.71 (£0.21)
| 10% 04.00 (£0.20) 93.68 (£0.18) 94.06 (=0.12)
DenseNet-40 | 94.10 (£0.12
CHSEE ( : 60% 93.87 (0.13) 93.58 (£0.21) 93.85 (%0.25)
VGG-19 72.63 (£0.21) 30% 7232 (£0.28) 71.94 (£0.17) 73.08 (£0.22)
| 10% 7622 (£020) 7636 (£0.32) 76.68 (£0.35)
PreResNet-164 | 76.80 (20.19
CIFAR-100 | & S o>¢ ( ” 60% 7417 (£0.33)  75.05 (£ 0.08) 75.73 (+0.29)
10% 3.04 (0. 3] 26
DenseNet40 | 73.82 (40,3 0% 7335 (£0.17) 73.24(£029) 7319 (£0.26
60% 72.46 (£022)  72.62 (£0.36) 72.91 (+£0.34)
ImageNet VGG-11 70.84 30% 68.62 70.00 71.18

Table 4: Results (accuracy) for Network Slimming (Liu et al., 2017). “Prune ratio” stands for total percentage
of channels that are pruned in the whole network. The same ratios for each model are used as the original paper.

model 40

Source: Rethinkinthe Value of Network Pruning
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Fine Tuned v.s. Training from Scratch

Dataset Model Unpruned Pruned Model Pruned Scratch-E  Scratch-B
ResNet-41 75.44 75.61 76.17
ImageNet | ResNet-30 76.12 ResNet-32 74.18 713.77 74.67
ResNet-26 71.82 72.55 7341

Table 5: Results (accuracy) for residual block pruning using Sparse Structure Selection (Huang & Wang, 2018).
In the original paper no fine-tuning is required so there is a “Pruned” column instead of “Fine-tuned™ as before.

Sparse Structure Selection (Huang & Wang, 2018) alsspaesifiedscaling factors tprune structuresand can be
seen as a generalization of Network Slimming. Other than charpreising carbe on residual blocks iResNebr
groups inResNeXt

41
Source: Rethinkinthe Value of Network Pruning
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Dataset Model Unpruned  Prune Ratio  Fine-tuned Scratch-E Scratch-B
30% 9351 (+0.05) 93.71 (£0.09) 93.31 (+0.26)
VGG- 3.5 .
GG-19 P3S0E0ID g 09352 (2£0.10) 93.71 (£0.08) 93.64 (£0.09)
) 30%  95.06 (£0.05) 94.84 (£0.07) 95.11 (£0.09)
CIFAR-10 | PreResNet-110 | 95.04 (+0.15
HEREse { " 80% 9455 (£0.11) 93.76 (£0.10) 94.52 (+0.13)
) 30% 9521 (£0.17) 95.22 (£0.18) 95.23 (£0.14)
DenseNet-BC-10011 95.24 (£0.17) 80%  95.04 (£0.15) 94.42 (£0.12) 95.12 (£0.04)
30%  71.96 (£0.36) 72.81 (£0.31) 73.30 (£0.25)
VGG-19 71.70 (£0.31
: { D500 7185 (£0.30) 73.12 (£0.36) 7377 (40.23)
30% 7688 (£0.31) 7636 (£0.26) 76.96 (£0.31)
CIFAR-100 | PreResNet-110 | 76.96 (+0.34 _
TERese { ) 50%  76.60 (£0.36) 75.45 (£0.23) 76.42 (£0.39)
30%  77.23 (£0.05) 77.58 (£0.25) 77.97 (£0.31)
DenseNet-BC-100 | 77.59 (40.19
CHSERRE { Y S00 77.41 (£0.14) 77.65 (£0.09) 77.80 (£0.23)
30% 73.68 7275 74.02
VGG- 5 _
GG-16 71.59 60% 73.63 71.50 73.42
ImageNet _ _
£ BNer 0 s 30% 76.06 7477 75.70
S - 60% 76.09 73.69 74.91

Table 6: Results (accuracy) for non-structured pruning (Han et al., 2015). “Prune Ratio™ denotes the percentage

of parameters pruned in the set of all convolutional weights.
Source: Rethinkinthe Value of Network Pruning
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Fine Tuned v.s. Training from Scratch

A Which one is better for small model
I Pruning + fine-tuned v.s. training from scratch

A Factors

I training from scratch is better
A Different pruning methods have the same trend
A Structured v.s. non-structured

I 2X training time Is better

model

43
Source: Rethinkinthe Value of Network Pruning
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Network Pruning as Architecture Search

Channel Pruned VGG-16 on CIFAR-10 Weight Sparsified VGG-16 on CIFAR-10
9.0
_ — Uniform Pruning — Uniform Sparsifying
8.0 — Network Slimming 85 — Non-structured Pruning
& 75 & 8.0
5 5
— = 7.5
W 7.0- E
i B 7.0
— — _
" f\\\ - ——
EJ'[.} T T T T T T ['[}- T T T T T T
0.2 0.4 0.6 0.8 1.0 1.2 0.2 0.4 0.6 0.8 1.0 1.2

#Parameters x107 #Parameters x 107

Figure 3: Pruned architectures obtained b}f different approaches, all trained from scratch, averaged over 5 runs.

Architectures obtained by automatic pruning methods (Left: Network Slimming (Liu et al., 2017), Right: Non-
mmmmmwm have better parameter efficiency than uniformly pruning channels

or sparsifying weights in the whole network.
Source: Rethinkinthe Value of Network Pruning
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Generalizable Design Principles from

model sparse (

Pruned Architectures awchame ) dataset

Channel Pruned VGG-19 on CIFAR-100 . Weight Sparsified VGG-19 on CIFAR-100

337 —— Uniform Pruning —— Uniform Sparsifying
| —— Network Slimming 30 - —— Non-structured Pruning
H3E' —— Guided Pruning . —— Guided Sparsifying
531_ —— Transferred Guided Pruning ﬁfﬂj- —— Transferred Guided Sparsifying
S S
g 30 L 2% -
7 @
= 29 = 27
281
261
0.25 0.50 0.75 1.00 1.25 1.50 0.50 0.75 1.00 1.25 1.50 1.75
#Parameters x 107 #Parameters x 107

Figure 5: Pruned architectures obtained by different approaches, all trained from scratch, averaged over 5

runs. “Guided Pruning/Sparsifying” means using the average sparsity patterns in each layer stage to design

the network; “Transferred Guided Pruning/Sparsifying” means using the sparsity patterns obtained by a pruned

VGG-16 on CIFAR-10, to design the network for VGG-19 on CIFAR-100. Following the design guidelines

provided by the pruned architectures, we achieve better parameter efficiency, even when the guidelines are

transferred from another dataset and model. 45
Source: Rethinkinthe Value of Network Pruning
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Pruning or Not Pruning (Small Models)

A Training predefined target models
I Higher accuracy
I Faster training
I No need to implement pruning criteria and procedure

I No need to tune hyper parameter in the pruning procedure
A Pruning works

I 'When a pre-trained large model is already given and little or no training
budget is available

I need to obtain multiple models of different sizes, in this situation one can
train a large model and then prune it by different ratios

46
Source: Rethinkinthe Value of Network Pruning
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MorphNet: Constrained based Pruning

output
Baseline FLOP Regularizer Size Regularizer
— — ==
= -? =
= : =
= - —
= .
B ]
= m—1x1 —3
= B 3x3 —
] . x7 -
¥ input -

Figure 1. ResNet101 based models with similar performance (around 0.426 MAP on JFT, see Section 5). A structure obtained by shrinking
ResNet101 uniformly by a w = 0.5 factor (left), and structures learned by MorphNet when targeting FLOPs (center) or model size (Le.,
number of parameters; right). Rectangle width is proportional to the number of channels in the layer and residual blocks are denoted in
gray. 7 x 7,3 x 3, and 1 x 1 convolutions are in purple, blue and green respectively. The purple bar at the bottom of each model is thus
the input layer. Learned structures are markedly different from the human-designed model and from each other. The FLOP regularizer
primarily prunes the early, compute-heavy layers. It notably learns to remove whole layers to further reduce computational burden. By
contrast, the model size regularizer focuses on removal of 3 x 3 convolutions at the top layers as those are the most parameter-heavy.
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MorphNet: only optimize over output widths

A iteratively alternating between a sparsifying regularizer and a
uniform width multiplier

Algorithm 1 The MorphNet Algorithm

|: Train the network to find Shrinking:
f* = argmin{L(#) + AG(#)}. for suitable A. asparsifyingegularizer
f . . .
2: Find the new widths O, ,, induced by #*. w <1, uniform width multiplie
3: Find the largests w such that F(w - O7.,,) < C. Expanindw > 1

4: Repeat from Step 1 for as many times as desired, setting  uniform width multiplier
O — iy !
Of:m =w - Oy
5: return w - OF,,,.

49
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MorphNet: Constraints

A FLOPs and model size are bilinear in the number of inputs and
outputs of that layer

F(layer L) = C(wr.xr.yr, z1. fr.gr) - 11.OL
_’[_mpu —Output “Filter size

i FLOPS C(w,z,y,z f.g) =2yzfg
i Model size C(w,z,y,z, f,q9) = fg

I After pruning, indicate which neuron Is zero
Ir—1 Or—1

F(layer L) CZA“ Z Br

[ Total constrained quality M +1

F(O1:m) = Z F(layer L) A, B: number oélivedchannels in a layer

L=1
50
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MorphNet: Regularization

A Similar to network slimming, use _ in BN for channel pruning

M1

Gh) = Z G (0, layer L).

8
L=1
6

40

Count

Ir—1 Or —1

0
0
Q(&layer L) =C Z ""f’L—l,.z’l Z BL,j+ 20
1=0 71=0
Ir—1 Or—1 0.0 0.1 0.2 0.3
o]

CY Api Y gl
i=0 j=0

Figure 2. A histogram of ~ for one of the ResNetl01 bottleneck
layers when trained with a FLOP regularizer. Some of the |vy|’s

are zeroed out, and are separated by a clear gap from the nonzero
Iv|’s.
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MorphNet: Preserving Network Topology

A Input of residual block is the sum of multiple layers

| Separated regularization results in topology change due to different
sparsity in different layers

I Group all neurons tied in skip connection via a Group LASSO
A j-th output of L1 will be grouped with the j-th output of L2

52



MorphNet

A Inception V2 on ImageNet

attorm bas Zn Groun

3 1e9
: - == FLOP Regularizer Value
. : — Effective FLOPS
:
|
|
4 |
| |
2
|
|}
D N F S
0.0 0.2 0.4 0.6 0.8 1.0

Traning Images (x10°%)

Figure 3. Rapid convergence of of the FLOP regularization (green,
dashed) and projected number of FLOPs (purple) for ImageNet
trained with a FLOP regularizer strength of A = 1.3 - 1077,

The projected number of FLOPs 1s computed by assuming all
lv| < 0.01 are zeroed-out.
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O
<
0.64
[teration | w Dropout | Weights | Accuracy
0 NA 0 1.12-10° 74.1%
1 1.69 10% 1.61-107 74.7%
2 1.57 20% 1.55-107 75.2%

s

—eo— Width multiplier
—i— FLOP reqgularizer
® FLOP reqgularizer x1
*  FLOP regularizer x2

1 2 3 4
FLOPs per inference (x107)
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I V2 using both a naive width multiplier
iarsifying FLOP regularizer (blue squares).
sult of re-expanding one of the networks
' regularizer to match the FLOP cost of the

uliginar ncewurn (peutagon point). A further increase in accuracy
1s achieved by performing the sparsifying and expanding process
a second time (star point).
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MorphNet: Improved Performance at No Cost

Network Baseline | MorphNet | Relative Gain
Inception V2 74.1 75.2 +1.5%
MobileNet 50% S7.1 538.1 +1.78%
MobileNet 25% 44 .8 45.9 +2.58%
ResNetl01 0.477 0.487 +2.1%
AudioResNet 0.182 0.186 +2.18%

Table 2. The result of applying MorphNet to a variety of datasets
and model architectures while maintaining FLOP cost.

95



Improved Performance at No Cost ¢
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Figure 5. MAP vs. FLOPs (left) and MAP vs. model-size (right) curves on JFT (top) and AudioSet (bottom). The magenta points in the
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Quantization

A 32-bit float to lower precision

A Quantization tool in Tensorflow (internal 8-bit quantization)
I https://www.tensorflow.org/performance/quantization
I Optimized matrix multiplications gemmlowp

58
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Nvidia TensorRT Quantization

A Concept
I INT8 model encodes the same information as the original FP32 model

A Measure loss of information by KL divergence
I P, Q - two discrete probability distributions.
I KL _divergence (P,Q ):=SUM(P[ 1]*log(P[ 1]/Q[ 11]), | )
I Intuition: KL divergence measures the amount of information lost when

approximating a given encoding o . HT]
$8—9050—36—96—98—— 363636 —9¢2¢

$3 98 3¢ 3¢ 3008 39¢
-127 0: 127

60
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Platform Based Design Group

Solution: Calibration

e Run FP32 inference on Calibration Dataset.

vggl9: conv3 4

e For each Layer:

activations

,_.
o
~

o collect histograms of activations.

[
9

o generate many quantized qistributions

[
o
A

with different saturation thresholds.

[
o
=

o pick threshold which minimizes

Mormalized number of counts
=
[

=
o
|

KL_divergence(ref_distr, quant_distr).

—
o
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| |
| |
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e Entire process takes a few minutes on a
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Before saturation After saturation

resnet-152: res4b30 resnet-152: res4b30
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| — entropy method |
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FP32

INT8

Plaﬁnrm Based Design ﬁmup

Calibration using 5 batches

Calibration using 10 batches

Calibration using 50 batches

NETWORK

Top1

Tops

Top1

Tops

Top1

Top5

Top1

Tops

Resnet-50

73.23%

91.18%

73.03%

91.15%

73.02%

91.06%

73.10%

91.06%

Resnet-101

74.39%

91.78%

74.52%

91.64%

74.38%

91.70%

74.40%

91.73%

Resnet-152

74.78%

91.82%

74.62%

91.82%

74.66%

91.82%

74.70%

91.78%

VGG-19

68.41%

88.78%

68.42%

88.69%

68.42%

88.67%

68.38%

88.70%

Googlenet

68.57%

88.83%

68.21%

88.67%

68.10%

88.58%

68.12%

88.64%

Alexnet

57.08%

80.06%

57.00%

79.98%

57.00%

79.98%

57.05%

80.06%

NETWORK

Top1

TopS

Diff Top1

Diff TopS

Diff Top1

Diff Top5

Diff Top1

Diff TopS

Resnet-50

73.23%

91.18%

0.20%

0.03%

0.22%

0.13%

0.13%

0.12%

Resnet-101

74.39%

91.78%

-0.13%

0.14%

0.01%

0.09%

-0.01%

0.06%

Resnet-152

74.78%

91.82%

0.15%

0.01%

0.11%

0.01%

0.08%

0.05%

VGG-19

68.41%

88.78%

-0.02%

0.09%

-0.01%

0.10%

0.03%

0.07%

Googlenet

68.57%

88.83%

0.36%

0.16%

0.46%

0.25%

0.45%

0.19%

Alexnet

57.08%

80.06%

0.08%

0.08%

0.08%

0.07%

0.03%

TensorRT 2.1, all optimizations enabled. ILSVRC2012 validation dataset, batch = 25 images.
Accuracy was measured on 500 batches which were not used for the calibration.

-0.01%




Platform Based Design Group

Performance of INT8 vs FP32, Titan X (Pascal) Performance of INT8 vs FP32, DRIVE PX 2 (dGPU)

|-®- VGG-19 VGG-19
-®- Alexnet Alexnet
~-® - Googlenet Googlenet
~-® - Resnet-50 Resnet-50
\—0— Resnet-152 Resnet-152

8 16 32 64 128 ' 4 128
Batch size

Batch size

TensorRT 2.1, all optimizations enabled.




Deep Compression
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Welight Sharing: One form of Quantization

_ weights cluster index fine-tuned
A Use K Mea‘ns tO CIUSter (32 bit float)_ | (2 bit uint) centroids centroids
weight and take the . .
] -0.98 3 0 2 1 3:
centroid
-0.14 | -1. cluster 1 1 0 3 2:| 1.50 1.48
E> 0 3 1 0 1| 0.00 .Q -0.04
3 1 2 2 0: -1.00 xlr |.097
209, 2.1 1.87 gradient
‘ 0.03 | 0.01 | -0.02 rtleélge 0.02
0.02 |-0.01| 0.01 | 0.04 | -0.02 0.04
2 .O -0.01(-0.02 |-0.01| 0.01 -0.03
66




Trained Quantization Changes Weight
Distribution

20000
xXx linear quantization
o nonlinear quantization by
®®® (lustring and finetuning
15000f
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=
w
e
O
es]
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Or e o000 ) eeooo0o 0 @ @
X X X X X X X X X X X X X X X X

~0.04 ~0.02 0.00 0.02 0.04 0.06
weight value

Figure 4.4: Distribution of weights and codebook before (green) and after fine-tuning (red).



Huffman Coding

100000 220000

75000 165000
E E 110000
2 50000 5
o

25000 55000

{} {] - e
Weight Index (32 Effective Weights) Sparse Matrix Location Index (Max Diff 1s 32)

Figure 4.8: The non-uniform distribution for weight (Top) and index (Bottom) gives opportunity for
variable-length coding,

Aln-frequent weights: use more bits to represent

AFrequent weights: use fewer bits to represent
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How Many Bits Are Needed?

“ top5, quantized only < top5, pruned + quantized 4 top5, quantized only © top5, pruned + quantized
~ top1, quantized only 0|t0p1, pruned + quantized “ top1, quantized only © top1, pruned + quantized
85% O ad ——=0 85% ) Y, £y Lr——— B
68% /,,"'T 68% /fJI(—
> :/ B — - > | N NS S— P PN P o
g 51% 2 I & 51% A
- : 5 f
S 34% | 8 34% / |
< s | <
17% LA 17% // |
J 4
00/0 o e : . ‘ OO/O A ) ) .
1bit  2bits  3bits @ Sbits  6bits  7bits  8bits 1bit @ 3bits 4bits 5bits 6bits  7bits  8bits
Number of bits per effective weight in all Number of bits per effective weight in all
Conv layers FC layers
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Deep Compression: Results (Pruning +
Weight Sharing + Huffman Coding)

Table 4.1: Deep Compression saves 17x to 49x parameter storage with no loss of accuracy.

Network Top-1 Error Top-5 Error | Model Size EZE;]H%S
LeNet-300-100 1.64% - 1070 KB
LeNet-300-100 Compressed | 1.58% - 27 KB 40
LeNet-5 0.80% - 1720 KB

LeNet-5 Compressed 0.74% - 44 KB 39 x
AlexNet 42.78% 19.73% 240 MB

AlexNet Compressed 42.78% 19.70% 6.9 MB 35
VGG-16 31.50% 11.32% 552 MB

VGG-16 Compressed 31.17% 10.91% 11.3 MB | 49x
Inception-V3 22.55% 6.44% 91 MB
Inception-V3 Compressed 22.34% 6.33% 4.2 MB 22 %
ResNet-50 23.85% 7.13% 97 MB

ResNet-50 Compressed 23.85% 6.96% 5.8 MB 17 %
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Table 4.5: Compression statistics for AlexNet. P: pruning, Q: quantization, H: Huffman coding.

Weight | Weight ~ Weight Index Index Compress Compress
Layer | Weight Density | Bits Bits Bits Bits Rate Rate
(P) | (P+Q) (P+Q+H) | (P+Q) (P+Q+H) | (P+Q) (P+Q+H)
convl | 35K 84% 8 6.3 4 1.2 32.6% 20.53%
conv2 | 307K 38% 8 5.5 4 2.3 14.5% 9.43%
conv3d | 885K 35% 8 5.1 4 2.6 13.1% 8.44%
convd | 663K 37% 8 5.2 4 2.5 14.1% 9.11%
convb | 442K 37% 8 5.6 4 2.5 14.0% 9.43%
fc6 38M 9% 5! 3.9 4 3.2 3.0% 2.39%
feT 17™™ 9% 5! 3.6 4 3.7 3.0% 2.46%
fe8 AM 25% 5! 4 4 3.2 7.3% 5.85%
Total | 61M  11% | 5.4 4 4 3.2 é;gf) E‘}éigi




O-Pruning + Quantization & Pruning Only " Quantization Only -~SVD
0.5%
0.0%

-0.5%
-1.0%
—-1.5%
-2.0%
-2.5%
-3.0%
-3.5%
-4.0%
-4.5%

0SS

Accuracy

2% 5% 8% 11% 14% 17% 20%
Model Size Ratio after Compression

Figure 4.9: Accuracy vs. compression rates under different compression methods. Pruning and

quantization works best when combined. 72
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Meaning for 30x to 50X compression

A Complex DNNSs can be put in mobile applications (<100MB total)
I 1GB network (250M welights) becomes 20-30 MB

A Memory bandwidth reduced by 30-50X
I Particular for FC layers in real application with no reuse

A Memory working set fits in on-chip SRAM
I 5pj/word access v.s 640 ps/word
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[ Input images J [ CNN model J

Quantize Weight and ] '

Activation
ATrain with float

AQuantizing the weight and
activation:

Weight quantization configuration

A Gather the statistics for S p—————

we | g ht an d aCt|Vat| on Fixed-point CNN model Floating-point CNN model
. .
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pOSItI O n . Dynamic range analysis and finding. €

" optimal quantization strategy

AFine-tune in float format o, g

AConvert to fixed-point format o= | | v ]

*

-
( Weight and data quantization configuration
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Dynamic precision data quantization results

Network

Data Bits Single-float 16

Weight Bits Single-float 16

Data Precision N/A 22

Weight Precision N/A 2-15
Top-1 Accuracy 68.1% 68.0%

Top-5 Accuracy 88.0% 87.9%

8
8

8
8

Impossible  2-5/2-1 Dynamic  Dynamic

Impossible e Dynamic  Dynamic

Impossible  28.2% 66.6% 67.0%

Impossible  49.7% 87.4% 87.6%

| Network | CaffeNet VGG16-SVD

Data Bits Single-float 16
Weight Bits Single-float 16
Data Precision N/A Dynamic
Weight Precision N/A Dynamic
Top-1 Accuracy 53.9% 53.9%
Top-5 Accuracy 77.7% 77.1%

Single-float 16 8
Single-float 16 8or4
Dynamic N/A Dynamic Dynamic
Dynamic N/A Dynamic Dynamic
53.0% 68.0% 64.6% 64.1%
76.6% 88.0% 86.7% 86.3%
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Highly Accurate Deep Learning Inference

with 2-bit Precision
A Current quantization limited by ReLU

I relies on high dynamic range and precision to capture the unbounded
continuous range of activation values

A PArameterized Clipping acTivation (PACT)

I a maximum activation value is automatically derived for the unlimited
range of activation values as part of the model training itself

78

ACCURATE AND EFFICIENT QUANTIZED NEURAL NETWORKS
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activation maximum 4 discrete bins: guantization
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BINARIZATION AND TERNARIZATION
: +/-1  +/-1,0
FOR WEIGHT AND ACTIVATION



M

Motivation for Binary/Ternary Neural Networks

A Challenge

I Run DNN on low power devices
I Speedup DNNs at run-time

A Main computational bottleneck

I Multiply-Accumulate (MAC) operation at matrix
vector products

A Solution

I Binary/ternary weights and activations to +/-1 or O
I Expensive MAC => cheap XNOR + PopCount
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Binary/Ternary Neural Network

A Binary: +1 /-1

A Ternary: +1/0/ -1
A Binary/ternary neural network

I Quantize weight or activation to binary or ternary value

I Ternary value Is better due to better representation

Input _

Weight

Metwork Variations

Real-Value Inputs
Standard

Convolution | py1.021 7 034
025061 .. 0527

Real-Value Inputs

- Binary Weight | p.11-021 034
0250861, 0527

Binary Inputs
BinanyWeight )
Binary Input 14047
(XMNOR-MNet) L

Operations
used in

Memory
Saving

Computation
Saving

Convolution | (Inference) | (Inference)

| RealValue Weights

[AEREE Y [y +,—, X

- Binary Weights
IEEEL +, -

- Binary Weights ¥NOR ,
1-1.51
S bitcount

1x

~32x

M3 2%

1x

~2%

~L8x

41rm pas gn

AcCcuracy on
ImageMet
(AlexNet)

%56.7

%56.8

%edd.2
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Recent Results

A Comparison on ImageNet with AlexNet
A For binary/ternary, the first and last layer are still full precision

Platform Based Design Group

. Bitwidth Accuracy loss vs.
Reduce Precision Method Weights Activations | 32-bit float (%)
, R . w/o fine-tuning [118)] 8 10 0.4
Dynamic Fixed Point w/ fine-tuning [119] g g 06
Ternary Weight Networks (TWN) |129] 2* 32 (float) 3.7
o Trained Ternary Quantization (TTQ) [130] 2* 32 (float) 0.6
Reduce weight BinaryConnect [126] 1 32 (float) 9.2
Binary Weight Network (BWN) [128] 1* 32 (float) 0.8
Quantized Neural Networks (QNN) |116] 1 2% 6.5
Reduce weight and activation Binarized Neural Networks (BNN) |127] 1 ] 29.8
XNOR-net [128] 1* 1 11
Incremental Network Quantization (INQ) |131] 5 32 (foat) -0.2
- - =
Non-linear Quantization LogNet [115] 5 (conv), 4 (fc) 4 32
Deep Compression | 114 8 (conv), 4 (fc) 16 0
4 (conv), 2 (fc) 16 2.6

Source: EfficienProcessing of Deep Neural Networks: A Tutorial and Survey
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Binarized Neural Network

*32 x less memory.

*Speed-up GPU implementations of BNNs using a
dedicated XNOR kernel:

e 23 x faster than the baseline kernel
* 3.4 x faster than cuBLAS.

GPU KERNELS' EXECUTION TIMES

*Much lower power possible |l Il. m

Operation MUL ADD

8bit Integer 0.2pJ 0.03pJ

32bit Integer 3.1pJ 0.1pJ

16bit Floating Point 1.1pJ 0.4p)

32 bit Floating Point 3.7p) 0.9pJ (riorowiz, 2013) -

Toup
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BNN on ResNet (Open Source on MxNet)

A B M X N et Architecture | Test Accuracy (Binary/Full Precision) | Model Size (Binary/Full Precision)
MNIST Lenet 0.97/0.99 206kB/4.6MB
CIFAR-10 ResNet-18 0.86/0.90 1.5MB/44.7MB

Table 1: Classification test accuracy of binary and full precision models trained on MNIST and CIFAR-10 dataset. No pre-

training or data augmentation was used.

Listing 1: LeNet

def get_lenet():

def get_binary_lenet():
= mx.symbol.Variable( data’)

Listing 2: Binary LeNet

Listing 3: Baseline xnor GEMM Kernel

data = mx.symbol.Variable( data') ?a?? SC e void xnor_gemm_baseline_no_omp(int M, int N, int K,
# First co L aver # first conv laye BINARY_WORD *A, int lda,
C lLaye - : W .
convl = mx.sym.Convolution(...) ion:: _ mx.sym.io:fDI:Flozi_.ﬁ, BINARY_WORD =B, int ldb,
tanhl = mx.sym.Activation(...) p2211 : :i-z;:-PEDirsgion {_. } { j float #C, int ldc){
- : - : : A or {(int m = @; m < M; ++tm} {
E:Tll mxngéygézgﬁtz:ig...; bnl = mx.sym.BatchNorm({...) for (int k = 0: k < K: k++) {
# second conv layer # second conv layer BINARY_WORD A_PART = A[m*lda+kl:
conv2 = mx.sym.Convolution(...) s Ti.SﬂmQﬁCthmtJDnF__j for {int n = @; n < N; ++n) {
bn2 = mx.sym.BatchNorm(...) conv2 = mx.sym.QConvolution(....) Clmsldc+n] += __builtin_popcountl (~(A_PART A B[k+ldb+n1));
) , bn2 = mx.sym.BatchNorm({...)
tanh2 = mx.sym.Activation(...) X 1
) pool?2 = mx.sym.Pooling(...) }
pocl? = mx.sym.Pooling(...J # first fullc laver
# first fullc layer T e }
_ i flatten = mx.sym.Flatten(...) }
EI?tEEn = mxészlfm.FFiTtéenE--;?dt : ba? = mx.symbol.QActivation(..)
bEE : 2:':i: gaéc;Nofm?nneg sek- fcl = mx. symbol .QFullyConnected(. .)
= . . . : . . . -
tanh3 = msyn. Activation(...) oo o M sym-satchlora( ) Asingle assemblgommand to supporpopcountin x86 and ARM v’
# second fullc - b s . . . ]
fea = me.sym. FullyConnected(...y ¥ second fulle Leverageprocessor cache hierarchies bipcking andgpackingthe
% cnfimax lose fc2 = mx.sym.FullyConnected(...) . . . .
¢ softmax loss data, use unrolling techniques ar@@penMPfor parallelization
lenet = mx.sym. SoftmaxOutput(...)
lenet = mx.sym. SoftmaxQutput(...)

return lenet

return lenet
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Gated XNOR Network

A Binary gradient as well

COMPARISONS WITH STATE-OF-THE-ART ALGORITHMS AND
NETWORKS.

Methods Datasets
MNIST CIFAR10 SVHN
BNNs [19] 08.60% 89.85% 97.20%
TWNs [17] 99.35% 02.56% N.A
BWNs [16] 098.82% 91.73% 97.70%
BWNs [17] 99.05% 90.18% N.A
Full-precision NNs [17]  99.41% 02.88% N.A
GXNOR Networks 99.32%  92.50%  97.37%

4erm pase
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SIgh SToup
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S o
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)
S

=

Fig. 7.

accuracy, but converges slower than full-precision continuous NN.

Training Epoch

50 100 150 200 250 300 350 400 450

Training curve. GXNOR network can achieve comparable final
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Binarized Neural Networks
A Training algorithm

Require: a minibatch of inputs and targets (ag,a”), pre-
vious weights W, previous BatchNorm parameters 6,
weights initialization coefficients from (Glorot & Ben-
gio, 2010) ~. and previous learning rate 7.

Ensure: updated weights W1 updated BatchNorm pa-
rameters #°T! and updated learning rate ‘1.

{1. Computing the parameters gradients: }
{1.1. Forward propagation: }
for k=1to L do
W} + Binarize(W},)
sp —ay_ WP
ap. + BatchNorm(sg. 0)
if k < L then
a? + Binarize(az,)
end if
end for

Binarized\eural Networks: Training Neural Networks with
Weights and Activations Constrained to +1Dr 88



