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Energy ] Rolins Enrgy Cos

32 bit int ADD 0.1 1

32 bit float ADD 0.9 9

32 bit Register File 1 10
32 bit int MULT 31 31
32 bit float MULT 3.7 37
32 bit SRAM Cache 5 50
32 bit DRAM Memory 640 6400
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Table 1. A summary of different approaches for network compression.

Theme Name

Parameter pruning and sharing

Low-rank factorization

Transferred /compact
convolutional filters

KD

Description

Reducing redundant parameters that
are not sensitive fo the performance

Using matrix/tensor decomposi‘rion to
estimate the informative parameters

Designing special structural convolutional
filters to save parameters

Training a compact neural network with
distilled knowledge of a large model

Applications

Convolutional layer and
fully connected layer

Convolutional |0yer and
fully connected layer

Only for convolutional layer

Convolutional layer and
fully connected layer

More Details

Robust to various seftings, can achieve
good performance, can support both frain-
ing from scratch and pretrained model

Standardized pipe|ine, eusi|y imp|emenf—
ed, can support both training from scratch
and prefrained model

Algorithms are dependent on applications,
usually achieve good performance, only
support training from scratch

Model performances are sensitive to
applications and network structure, only
support training from scratch
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Parameter pruning and sharing

v EUF1THE{E ( Quantization and Binarization )
v Bt F0HE= ( Pruning and Sharing )

v &R EERE ( Designing Structural Matrix )
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Parameter pruning and sharing

v E4F1=#41{Y ( Quantization and Binarization )
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Parameter pruning and sharing

v BIRGFNEEER ( Pruning and Sharing )

before pruning after pruning

pruning
synapses
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pruning
neurons

[P 2% B A A0 3 = A AL AR D S S IR A, AR BE 22 A9 T AR X 28 AR

Q000 _ i - &8
B © umlorg.cn



Parameter pruning and sharing

v B0 ( Pruning and Sharing )
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Parameter pruning and sharing

v B0 ( Pruning and Sharing )
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Parameter pruning and sharing

v B0 ( Pruning and Sharing )

accuracy/accuracy_1
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Parameter pruning and sharing

v B0 ( Pruning and Sharing )

Tags matching /.% (all tags)
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Parameter pruning and sharing

v 145K 5ERE ( Designing Structural Matrix )

~ Following this direction, the work in [30], [31] proposed a
simple and efficient approach based on circulant projections,
while maintaining competitive error rates. Given a vector r =

(ro,T1,-++ ,74_1), a circulant matrix R € R¥*? is defined
as:
i o Td_1 it g ™ i
L Ta Tdoa ra
R =cire(r) := | 1 ro - o= )
Td_2 S omg g
_?‘5_1 Td—2 es ™ o 1

thus the memory cost becomes (O(d) instead of O(d?).
This circulant structure also enables the use of Fast Fourier
Transform (FFT) to speed up the computation. Given a d-
dimensional vector r, the above 1-layer circulant neural net-
work in Eq. 1 has time complexity of O(dlogd).
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Low-rank factorization and Sparsity

SEBIN 4D
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Fig. 2. A typical framework of the low-rank regularization method. The left
is the original convolutional layer and the right is the low-rank constraint

—

convolutional layer with rank-K.
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Low-rank factorization and Sparsity

TABLE Il
COMPARISONS BETWEEN THE LOW-RANK MODELS AND THEIR BASELINES
ON ILSVRC-2012.

Model TOP-5 Accuracy  Speed-up  Compression Rate
AlexNet 80.03% 1. L.
BN Low-rank 80.56% 1.09 494
CP Low-rank 79.66% 1.82 “
VGG-16 90.60% 1. ¥
BN Low-rank 90.47% 1.53 2,12
CP Low-rank 90.31% 2.05 2.75
GoogleNet 92.21% 1. 1.
BN Low-rank 91.88% 1.08 2.79
CP Low-rank 91.7%% 1.20 2.84

(5
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Transferred/compact convolutional filters
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Transferred/compact convolutional filters

1%
TABLE 1
A SIMPLE COMPARISON OF DIFFERENT APPROACHES ON CIFAR-10 AND
CIFAR-100.
Model CIFAR-100  CIFAR-10 Compression Rate
34.26% 9.85% 1.
33.66% 9.76% 2
34.57% 0.92% A
35.15% 10.23% 4.
33.57% 9.65% 1.62
S, 3
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Knowledge distillation
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Knowledge distillation
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