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Abstract: This paper introduces model compression algorithms which make a deep neural network
smaller and faster for embedded systems. The model compression algorithms can be largely categorized
into pruning, quantization and knowledge distillation. In this study, gradual pruning, quantization
aware training, and knowledge distillation which learns the activation boundary in the hidden layer of
the teacher neural network are integrated. As a large deep neural network is compressed and accelerated
by these algorithms, embedded computing boards can run the deep neural network much faster with
less memory usage while preserving the reasonable accuracy. To evaluate the performance of the
compressed neural networks, we evaluate the size, latency and accuracy of the deep neural network,
DenseNet201, for image classification with CIFAR-10 dataset on the NVIDIA Jetson Xavier.
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[Fig. 1] Flow chart of the pruning process: (a) shows a general
pruning algorithm which takes long time to get compressed
neural networks; and (b) combines pruning and training process
to obtain compressed neural networks in a short time
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[Fig. 2] Symmetric linear quantization: the symmetric linear
quantization algorithm maps 32bit floating point representation
to 8bit integer representation
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[Table 1] Quantization algorithms: Quantization algorithms can
be categorized into dynamic quantization, post static quantization
and quantization aware training

Data
Latency | Accuracy Requirement
Dynamic Quantization Low Best No
Post Static Quantization Lowest Good Partial
Quantization Aware Training| Lowest Best All
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output of the teacher network for better training result
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[Table 2] DenseNet201 training parameters and result: For
training, Tensorflow framework, CIFAR10 dataset and Nvidia

RTX 2070SUPER GPU are used
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Stochastic Gradient Descent
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10° 1 < epoch <25
Learning Rate 10* 26 < epoch < 38
10 39 < epoch < 50
Top-1 Accucracy 95.15%
Model Size 70 MB
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[Table 3] DenseNet201 gradual pruning result: Gradual pruning
compressed the neural network. we specified an increase or
decrease in accuracy and compression ratio

Sparsity [%] Top-1 Accuracy [%] Size [MB]
0 95.15 (+0%) 70 (100%)

50 97.44 (+2.29%) 51 (73%)

60 97.25 (+2.10%) 41 (59%)

70 97.41 (+2.26%) 32 (46%)

80 96.91 (+1.76%) 22 (31%)

90 95.43 (+0.28%) 12 (17%)

95 92.23 (-2.92%) 6.2 (8.9%)

99 71.56 (-23.6%) 2.2 (3.1%)

[Table 4] Static quantization and QAT result
Size [MB] | Top-1 Accuracy [%] latency[ms]

FP32 70 (100%) 95.15 (+0%) 1274.03
INTS8 19 (27%) 93.23 (-1.92%) 763.93
INT8* 19 (27%) 97.09 (+1.94%) 768.83
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[Fig. 4] Hidden layers for knowledge distillation: the student
network refers to the feature from the batch normalization layers
in the dense blocks in the teacher network
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[Fig. 5] Knowledge distillation result: Knowledge distillation algorithm
improved the accuracy of DenseNet121 using DenseNet201

[Table 5] Knowledge distillation result in terms of size, accuracy
and latency: the performance of DenseNet121 has been improved
using DenseNet201 by 3.5%

Size [MB] | Top-1 Accuracy [%o] latency[ms]
Teacher | 70 (100%) 95.15 1274.03
Student | 29 (41%) | 88.0 = 91.5 (+3.5%) 658.06
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[Table 6] DenseNet121(knowledge distilled) pruning result

Sparsity [%] Top-1 Accuracy [%] Size [MB]
0 91.50 (+0%) 29 (100%)
50 92.42 (+0.92%) 20 (69%)
60 91.91 (+0.41%) 16 (55%)
70 91.36 (-0.14%) 12 (41%)
80 89.93 (-1.57%) 8.0 (28%)
90 85.88 (-5.62%) 4.3 (15%)
95 78.26 (-13.2%) 2.4 (8.2%)
99 10.00 (-81.5%) 0.9 (3.0%)

[Table 7] The performance of DenseNet121 on the embedded
system: the network has been compressed by knowledge distillation,
pruning and QAT

Sparsity [%] | Size [MB] | Top-1 Accuracy [%] | latency [ms]
80 4.6 93.35 499.26
90 2.8 88.60 487.65
95 1.9 85.54 497.30

[Table 8] Comparison of performance of the neural networks
before and after model compression

Device Size [MB] | Top-1 Accuracy [%] | latency [ms]
CPU 70 95.15 1274.03
GPU 70 95.15 366.85
CPU* 4.6 93.35 499.26
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