
Can deep neural networks be used 
on embedded devices? 
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About IFace SDK
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Demo



Server in cloud
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Why deep networks on “Small” devices ?
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Cloud vs Mobile neural nets
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Neural Network type Cloud NN Mobile NN

Runtime Fast on GPU, Slow on CPU Super fast on GPU, Fast on CPU

Energy usage High Low

Size 0.1GB - 0.5GB 1 - 5 MB

Training Slow Fast

Update Direct Over the air

Accuracy High Lower



(Very) Simple tricks
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VGG16 neural network



Simple tricks …
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Simple tricks …
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SqueezeNet tricks
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Landola et. al, SqueezeNet: AlexNet level 
accuracywith 50x fewer parameters and 
<0.5MB model size, 2016

http://github.com/DeepScale/Squeez
eNet

-
-
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MobileNets tricks
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Regular convolution
Depthwise convolution Pointwise convolution 

+ 

Howard et. al, MobileNets: Efficient 
Convolutional Neural Networks for Mobile 
Vision Applications, Google, 2017

Depthwise Separable convolution 

Filter size Filter count Computation reduction
3 32 7,0 x
3 64 7,9 x 
3 128 8,4 x
5 32 14,0 x
7 32 19,4 x



MobileNets tricks

13

Width multiplier
⍺

Resolution 
multiplier ᶣ



MobileNets
Accuracy / Operations / Size comparison
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MobileNets v2 tricks
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Sandler et. al, MobileNetV2: Inverted 
Residuals and Linear Bottlenecks, 
Google, 2018
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MobileNet v1

MobileNet v2Sandler et. al, MobileNetV2: Inverted 
Residuals and Linear Bottlenecks, 
Google, 2018

MobileNets v2 vs v1

MobileNet v2



MobileNets v2 tricks
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MobileNet v1 vs v2
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MobileNet v1 architecture
28 layers, 4.2M parameters, 575M MAdds
70.6 % Top1 ImageNet Acc, 113 ms on Pixel1  

MobileNet v2 architecture 
55 layers, 3.4M parameters, 300M MAdds
72.0 % Top1 ImageNet Acc, 75 ms on Pixel1 
  



MobileFaceNets
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Chen et al., MobileFaceNets: Efficient CNNs 
for Accurate Real-time Face Verification on 
Mobile Devices, April 2018



Network slimming
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Network Pruning
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Network Pruning
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Network Pruning
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Network Pruning
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Song Han et al.: Deep Compression: Compressing Deep Neural Networks with Pruning, Trained 
Quantization and Huffman Coding

Top-1 Error Parameters Compression rate

AlexNet (Caffe) 42.78% 240MB 1

Pruning 42.77% 27MB 9



Quantization
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Quantization of Trained Model
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–
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min max zero step

float32 -20 40 0 ~0.235

int8 -127 127 -42 1

–
–

–
–



Quantization of Trained Model
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Model Million 
MACs

Million 
Parameters

Top-1 
Accuracy

Top-5 
Accuracy

Size [MB]

MobileNet_v1_
1.0_224

569 4.24 70.9 89.9 16.9

MobileNet_v1_
1.0_224_quant

569 4.24 69.7 89.5 4.3

https://github.com/tensorflow/models/blob/master/research/slim/nets/mobilenet_v1.md



Training with Quantization
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Deep compression
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Deep compression
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Song Han et al.: Deep Compression: Compressing Deep Neural Networks with Pruning, Trained 
Quantization and Huffman Coding



Deep compression
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Network Slimming
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Tools and Implementations
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Ristretto | CNN Approximation

–
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http://ristretto.lepsucd.com/


TensorFlow Lite
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https://www.tensorflow.org/mobile/tflite/


TensorFlow Lite
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Android Neural Networks API
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https://developer.android.com/ndk/guides/neuralnetworks/
https://developer.android.com/ndk/guides/neuralnetworks/


ML Kit
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https://developers.google.com/ml-kit/
https://developers.google.com/ml-kit/


NCNN
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https://github.com/Tencent/ncnn


Do It Yourself
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DIY - InnoPlayer

–
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Lessons Learned - NN face detection
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Practise

43



44



Thank you

Marián Beszédeš
Image Processing Team Leader 

Innovatrics

mailto:dusan.ockaik@innovatrics.com
http://www.innovatrics.com/


Sources
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https://medium.com/@smallfishbigsea/notes-of-squeezenet-4137d51feef4
https://www.slideshare.net/JinwonLee9/mobilenet-pr044
https://www.slideshare.net/ForrestIandola/small-deepneuralnetworks-their-advantages-and-theirdesign
https://www.slideshare.net/ForrestIandola/small-deepneuralnetworks-their-advantages-and-theirdesign
https://www.slideshare.net/anirudhkoul/squeezing-deep-learning-into-mobile-phones
https://www.slideshare.net/anirudhkoul/squeezing-deep-learning-into-mobile-phones
http://machinethink.net/blog/googles-mobile-net-architecture-on-iphone
http://mmlab.ie.cuhk.edu.hk/projects/WIDERFace/
https://jacobgil.github.io/deeplearning/pruning-deep-learning
https://petewarden.com/

