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Dynamic Adjustment of the Pruning Threshold in Deep Compression

Yeojin Lee', Hanhoon Park®
'Department of Electronic Engineering, Pukyong National University
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Abstract Recently, convolutional neural networks (CNNs) have been widely utilized due to their outstanding
performance in various computer vision fields. However, due to their computational-intensive and high memory
requirements, it is difficult to deploy CNNs on hardware platforms that have limited resources, such as mobile
devices and IoT devices. To address these limitations, a neural network compression research is underway to reduce
the size of neural networks while maintaining their performance. This paper proposes a CNN compression technique
that dynamically adjusts the thresholds of pruning, one of the neural network compression techniques. Unlike the
conventional pruning that experimentally or heuristically sets the thresholds that determine the weights to be pruned,
the proposed technique can dynamically find the optimal thresholds that prevent accuracy degradation and output the
light-weight neural network in less time. To validate the performance of the proposed technique, the LeNet was
trained using the MNIST dataset and the light-weight LeNet could be automatically obtained 1.3 to 3 times faster
without loss of accuracy.
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Fig. 1. Process flow of pruning

A7 T2YLe CNN ndo] Exe-s Zolu 3}
A3Hover-fitting= 7] A &

13} o], A gkl A4 s B9 7t
£ 53t o= 7L°l ke TbEAE TR
<, olwf BEHRT B s e THEAE Al
ATFHZ, S 022 A7), v oE, HF 71FA
£ Shgsr] Hlsl) UESAE AstEitid] =73
AgES FHEGo 24, CNN B2 I7|e Fo|HA
& AYEE A =& MY £ S o] AAS
%31 AlexNet® VGG-16 =29 depr|H(MEADE 9
~ 138 =4 4 o561

Low Threshold
150

e Accuracy
. m  Compression Rate
®
EWO XTI IYTTLLLLLLLLLL L
s o
5 [ ]
S 504 "
o n
i | T T T T 1
0 5 10 15 20 25
Number of pruning and retraining
Optimal Threshold
110
e Accuracy
?100 PRt LT T T T LTI ]] = Compression Rate
N3 ]
T %0 ]
g
€ 809 g
o
5 70
o
60
L}
50 T T T T T 1
0 5 10 15 20 25
Number of pruning and retraining
High Threshold
150
e Accuracy
= = Compression Rate
3
F 100 nussssssssEsEEEnnEnn
g
c
o
S 50
o

0000000000000 000000
T T T T T 1
0 5 10 15 20 25

Number of pruning and retraining

Fig. 2. Accuracy and compression rates of pruning with
different threshold values
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Dynamic adjustment of the pruning
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t=0, sp=2
while True:
th, = s, X stdev(M,)
M, = retrain (prune (]llt s thy )
@, = calc_accuracy (]Wt)
C, = calc_compr_rate (M, _ |, M,)

& 11— >n
M, =M, _,
s, =s,_,/d
IfQ =@ and C, > C:
break
t=t+1
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Table 1. Pruning results when setting the expected accuracy
and compression rate to 95%

Algorithm Accuracy Qi EsEer] Elgpsed
rate time
Baseline 95.80 96.30% 24m 9s
(s0=0.25) (st=s0) (27.01x)
Ours 96.82 95.11%
(s0=2) (s1=2) (20.46%) Bm Sds

Table 2. Pruning results when setting the expected accuracy
and compression rate to 96%

Algorithm Accuracy CompIEsEen Ela}psed
rate time
Baseline 96.92 97.06% o7m 5s
(s0=0.25) (st=s0) (34.7%)
Ours 96.52 97.66%
(s0=2) | (st=05) (42.65%) 2im 27s
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Fig. 3. Pruning results when setting the expected accuracy

and compression rate to 95%
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Fig. 4. Pruning results when setting the expected accuracy
and compression rate to 9%6%
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Table 3. Results of the proposed algorithm with different n

n 1 3 5 7
Number of 2 2 1 1
prunlng+retra|n|ng
Final s 1.0 1.0 2 2
Elapsed time 39m 33m 23m 22m
P 30s | 53 | 53 | 9s
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