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goal: image recognition on mobile device

machine learning, neural networks,
demo: keras + tensorflow + coreml

convolutional neural networks, different
models, training/production
improvements

shiny things to play with



THIS 1S YOUR MACHINE LEARNING SYSTEM?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSLJERS ON THE OTHER SIDE.

WHAT IF THE ANSWERS ARE LWJRONG? )

JUAT STIR THE PILE UNTIL
THEY START LOOKING RIGHT:




an input (numbers, image, audio, video)
known data (supervised learning)
combine to produce function/black box
train model, use on unknown data

goals: quality, size, complexity
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* [input] => [FC] => [FC] => [0-9]

* hidden layer




goal: mnist recognition on device
neural network: keras
model training: tensorflow

deploy model: coreml

github.com/asparaqui/keras_mnist_demo


http://github.com/asparagui/keras_mnist_demo

convolutional
neural networks
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 convolution == matrix math == a[x] + b




conv: 3x3 striding

break up input image into chunks
 ¢cs231n.github.io
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http://cs231n.github.io

» striding produces a lot of samples

 next: reduce the data!

Single depth slice

max pool with 2x2 filters
and stride 2

_— >




960% 94

*

9601 94

*

960% 94

N\?@Q&
_

‘AUOD £XE

*

‘AUOD £XE

*

‘AUOD £XE

N\:Moa

‘AUOD £XE

*

‘AUOD £XE

*

‘AUOD £XE

N\:Mom

‘AUOD £XE

*

‘AUOD £XE

*

‘AUOD £XE

N\wo»o&
_

‘AUOD £XE

*

‘AUOD £XE

N\wo»o&
_

‘AUOD £XE

*

‘AUOD £XE

vL:921S

89218

96:221§

CLL9z1§

vCC-921s

CONV3-128

CONV3-256

~
bnd
0
™
>
)
o

CONV3-512

Prediction




state of art 2014
github.com/hollance/forge

demo running on phone (forge/metal)
prior model + 512MB of weights

works, but slow!



» different models (architecture)
» different training methods (speed)

 how is code actually executed?
(hardware)

- what are our expectations?



deeper

going




 parallel execution, 1x1 convolution

convolutional layer convolutlonal Iayer

7 e

3x3 1x1
convolutional layer convolutional Iayer convolutional layer
1x1 3x3 5x5 3x3 1x1
convolutional layer convolutional layer convolutional layer max-pooling layer convolutional layer

1x1 1x1 3x3
convolutional layer convolutional layer max-pooling layer

input layer input layer

Inception module, naive version Inception module with dimensionality reduction

- lamaaditya.github.io/2016/03/one-by-one-
convolution/



http://iamaaditya.github.io/2016/03/one-by-one-convolution/

The Inception Architecture (GooglLeNet, 2014)
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Going Deeper with Convolutions

Christian Szegedy, Wei Liu, Yangqing Jia, Pierre Sermanet, Scott Reed, Dragomir Anguelov,
Dumitru Erhan, Vincent Vanhoucke, Andrew Rabinovich

ArXiv 2014, CVPR 2015

* hacktilldawn.com/2016/09/25/inception-
modules-explained-and-implemented/



http://hacktilldawn.com/2016/09/25/inception-modules-explained-and-implemented/

 let’s not rebuild
our model from
scratch!

Transfer Learning Overview

* can reuse existing
mOdeI Transfer k

Layern

AnB: Frozen Weights

* re-run training on
part of model with
new data set

AnB*: Fine-tuning




retrain an inception v3 graph model
prune (remove extra nodes)

reduce (combine nodes)

quantize (double -> int)

align (mmap result)



all of the above

tensorflow for mobile poets (warden)
live video => image recognition
state of the art 2016

tensorflow library, ios/android



next steps

“Notice all the computations, theoretical
scribblings, and lab equipment, Norm. ...
Yes, curiosity killed these cats.”
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 depthwise separable
convolutions
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MobileNet
AlexNet
GoogleNet
VGG 16

 announced april,
paper, demo
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 modify inception
retrain script

Inception-v3 ResNet-152

ResNet-50 . VEG-16 VGG.10
5 aSNet- 10
° --a rCh IteCtu re ° ResNet-34
°° ResNet-138
- ) i
mobilenet_1.0_224

° BN-NIN




* object detection:
I (o] Mo NET.[-1),].)
- SSD, SLAM, R-CNN
+ see also: random forests, svm

 caffe model zoo!



thanks for
coming!




me: brettkoonce.com

apps: quarkworks.net

tensorflow for mobile poets

github.com/hollance/forge

lab: cell.missouri.edu



http://brettkoonce.com
http://quarkworks.net
http://github.com/hollance/forge
http://cell.missouri.edu

