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ABSTRACT

The Wolfram Language contains a scalable, industrial-strength and easy-to-use neural net framework. In
this talk, we are going to demonstrate its capabilities and its integration with the rest of the language. We
are going to show how to build and train a net model from scratch, as well as work with a ready-to-use
model from the Neural Net Repository.
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Applications Survey: Image Classification

In the WL

Many models trained on ImageNet are available via NetModel and can be viewed on the Wolfram Neural
Net Repository:

neeel= net = NetMode'L["Incept'ion V3 Trained on ImageNet Competition Data"]

I:I’I:I’I Input port: image
oueesl= NetChain { Output port: class ]
Number of layers: 33

In[267]:=

outz67= | peacock

Imageldentify uses this technology, and the underlying net is available to users:

nzes= net2 = NetModel["Wolfram ImageIdentify Net V1"|

I:H:I’I Input port: image
oupss- NetChain| Output port: class ||
Number of layers: 24

In[269]:=

0out[269]= [black rhinoceros ]



http://resources.wolframcloud.com/NeuralNetRepository
http://resources.wolframcloud.com/NeuralNetRepository
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Deep Learning in the Wolfram Language

1. Layers
e Alayer is the simplest component of a network.
e |t represents an operation and by default it’s completely symbolic

ne7o- elem = ElementwiseLayer [Tanh]

. Function:
oupzro- Elementwiselayer | Tanh
Output: tensor

e Layersonly act on numeric tensors:

ne71= eleme@ {1, 2, 3}
NeTanhe {1, 2, 3}

oue71= {0.761594, 0.964028, 0.995055}
oue72)= {0.761594, 0.964028, 0.995055}

o Layers are differentiable. Differentiability is a key property that allows for the efficient training of nets,
which we will see later:

nez7a- elem[{1, 2, 3}, NetPortGradient["Input"]]
oupra- {0.419974, 0.0706508, 0.009866)

ne74p= D[Tanh[x]y X] /e X => {1.y 2., 3.}
ouzra- {0.419974, 0.0706508, 0.00986604}
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Deep Learning in the Wolfram Language

1. Layers

e They can run on both NVIDIA GPUs and CPUs:
In[275]:= elem[{l, 2, 3}, TargetDevice » "GPU"]
ou7s= {0.761594, 0.964028, 0.995055}

e They do shape inference:

nez7e- ElementwiseLayer [Tanh]

. Function:
ouerei= Elementwsi seLayer[ Tanh

Output: tensor

n2771= ElementwiseLayer [Tanh, "Input" -» {4, 32}]

. Function:
ouzr7= Elementwiselayer [ '@‘ Slugdieln Tanh }
Output: matrix (size: 4 x32)

e Certain layers have learnable parameters

e without this, no learning would be possible!

niz7e;= dot = LinearLayer[3, "Input" -» 2]

oufzrel= LinearlLayer { unintialized Input: vector (s?ze: 2) J
e o Qutput: vector (size: 3)
Initialize the parameters in the layer:

ne7e= dot2 = NetInitializeedot

S A Input: vector (size: 2) }

outerae L1nearLayer[ & ® OQutput: vector (size: 3)

In[280):= NetExtract[dotz, "We'ights"]

oupzeol- {{0.386105, -0.475143}, {0.306941, 0.0577074}, {1.03835, -0.147243}}
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Deep Learning in the Wolfram Language

1. Layers

So far, we have seen layers that have exactly one input. Some layers have more than one input.

e For example, MeanSquaredLossLayer compares two arrays, called the input and the target, and produces
a single number that represents Mean [(input - target) " 2].

nes1:- msloss = MeanSquaredLossLayer[]

out[281]= MeanSquaredLossLayer{ o e

Input: tensor
Target:

tensor

The inputs of the layer are named and must be supplied in an association when the net is applied:

inesz= msloss[<|"Input" » {1, 2, 3}, "Target" » {4, 0, 4} |>]

outzs2= 4.66667

The full list of available layers is:

ines3;= 2 xLayer

V System’

AggregationLa-

yer

AppendLayer

BasicRecurren-

tLayer

BatchNormali-

zationLayer

CatenatelLayer

ConstantArray-

Layer

ConstantPlusL-

ayer

ConstantTime-

sLayer

Contrastivelo-

ssLayer

ConvolutionLa-
yer
CrossEntropyL-

ossLayer

CTCLossLayer

Deconvolution-

Layer

DotlLayer

DotPlusLayer

DropoutLayer

ElementwiseL-
ayer

EmbeddinglLa-
yer

FlattenLayer
GatedRecurre-
ntLayer
ImageAugmen-
tationLayer
InstanceNorm-
alizationLay-

er

LinearLayer
LocalRespons-
eNormalizat-
ionLayer
LongShortTer-
mMemorylLa-
yer
MeanAbsolute-
LossLayer
MeanSquared-

LossLayer

PaddinglLayer

PartLayer

PoolingLayer

ReplicateLayer

Reshapelayer

ResizeLayer

SequenceAtte-
ntionLayer
Sequencelast-

Layer
SequenceMost-

Layer

SequenceRest-
Layer
SequenceReve-

rseLayer

SoftmaxLayer

SpatialTransfo-
rmationLay-
er

SummationLa-

yer

ThreadinglLay-

er

TotalLayer

Transposelay-
er

UnitVectorLay-

er
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Deep Learning in the Wolfram Language

1. Layers
e The simplest learnable layer is the LinearLayer
This is just:
nesa- linear[data_, weight_, bias_] := Dot[weight, data] + bias
Comparing this to a LinearLayer:

ni2ssi= layer = NetInitializee@LinearLayer([2, "Input" - 3]
layer[{2, 10, 3}]

A Input: vector (size: 3) }

ouzesy= L1 nearLayer[ & ¢ OQutput: vector (size: 2)

outgel= {13.7261, 0.132025}

nzen= linear[{2, 10, 3}, NetExtract[layer, "Weights"], NetExtract|layer, "Biases"]]
outes7= {13.7261, 0.132025}

| 7
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Deep Learning in the Wolfram Language

2. Containers
Single neural net layers are generally not useful by themselves. We usually need to combine multiple
layers together to do something interesting.
e The simplest container is a chain

e Chain together two operations:

nzes- net = NetChain[{ElementwiseLayer[Tanh], ElementwiseLayer|[LogisticSigmoid]}]
D}D}I Input port: tensor
om%mzNetChain{ Output port: tensor }
Number of layers: 2

e Equivalent to:

nizsor= FIX_] $= LogisticSigmoideTanhex
. SetDelayed: Tag Plus in (5 - 3x - 2x? + x3)[x_] is Protected.

ouieg)= $Failed
e Equivalent on data:

ineooj= data = {1ey 2.4 3.}
netedata
fedata

ouzo1= {0.6817, 0.723927, 0.730085}

out[292]= (573X—2X2+x3) [({1., 2., 3.}]



Deep Learning in Mathematica-MMA11.nb

Deep Learning in the Wolfram Language

3.

In[293]:=

out[293]=

In[294]:=

In[295]):=

out[296]=

out[297]=

In[298]:=

out[298]=

Containers

e NetChain does not allow a net to take more than one input, so we need to use NetGraph to build the
training network

Create a NetGraph:
net = NetGraph[{ElementwiseLayer[Tanh], ElementwiseLayer [LogisticSigmoid],
Tota'l.Layer[]}, {NetPort["Inputl"] » 1, NetPort["Input2"] » 2, {1, 2} > 3}]

= - B Number of inputs: 2
NetGraph| H Output port: tensor | |
Number of layers: 3

Equivalent to:
func = (TanhesInputl + LogisticSigmoidenInput2) &;

Evaluate on data:

data = <|"Inputl" -> {0.1, -2.4}, "Input2" > {-1.2, 3.4} |>}
netedata
funcedata

{0.331143, -0.0159703}
{0.331143, -0.0159703}
o Asall of the layers are differentiable, so is the container

net[data, NetPortGradient["Inputl"]]
{0.990066, 0.0323837}

| 9
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Deep Learning in the Wolfram Language

4. Containers

e Containers behave exactly like normal layers!
e differentiable, run on GPUs, etc

e Containers can be nested, as they are just like normal layers:

nzeo- NetChain[{NetChain[{LinearLayer[]}]}]

[0 Input port: tensor
. ninitiglized
oueegl= NetChain [ LUU LI Output port: tensor ]
Number of layers: 1

e Models in the Repository are almost all some form of container:

In[300]:= NetModel["AdaIN—Style Trained on MS-COCO and Painter by Numbers Data"]

= - B Number of inputs: 2
ougsoo= NetGraph | " Output port: image ||
Number of layers: 4
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Deep Learning in the Wolfram Language

4.

In[301]:=

out[301]=

In[302]:=

out[302]=

In[303]:=

out[303]=

In[304]:=

out[304]=

In[305]:=

Out[305]=

Containers

e Thereis a rich shape inference between all the layers in a container

NetChain|[{LinearLayer[], LinearLayer[]}]

|;| itiHlil_el Input port: tensor
NetChain [ 1 Uj Output port: tensor ]
Number of layers: 2

NetChain[{LinearLayer[3], LinearLayer[]}]

|;| L Iil_el Input port: tensor
NetChain [ 18 Output port: tensor ]
Number of layers: 2

NetChain|[{LinearLayer[3], LinearLayer[4]}]

11 Input port: tensor

100,
NetChain| Nl Output port: vector (size: 4) |]

Number of layers: 2

NetChain[{LinearLayer[3], LinearLayer[4]}, "Input" - 5]

L L Input port: vector (size: 5)
NetChain| T output port: vector (size: 4) ||
Number of layers: 2

o Helpful error messages point to the exact mismatches

NetChain[{LinearLayer[3, "Input" - 6], LinearLayer[4]}, "Input" - 5]

- NetChain: Specification 5 is not compatible with port "Input", which must be a length-6 vector.

$Failed

| 11
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Deep Learning in the Wolfram Language

5. NetEncoders

e Fundamentally, because they must be differentiable, neural net layers operate on numeric tensors.
However, we often want to train and use nets on other data, such as images, audio, text, etc.

e We can use a NetEncoder to translate this data to numeric tensors.

Create an image NetEncoder that produces a 1x12x 12 tensor:

inizos= imageenc = NetEncoder [ {"Image", {12, 12}, "ColorSpace" - "Grayscale'"}]

out3osl= NetEncoder [

Apply the encoder to an image:

In[307]:= 'imageenc[ 3 ]

oupzor= {{{1.,

(1.
(1.
(1.
(1.
(1.
(1.
(1.
(1.
(1.
(1.
(1.

b

b

3

b

b

1.
1.
1.
1
1
1.
1
1
1
1
1
1

b

B

b

*

1
1
1
1
1
1
1.
0
0
1
1
1

Type:

Image size:

Color space:
Color channels:

Mean image:

Variance image:

Output:

-

H H B O R HRBROHRHERBEKR

*

*

H R, @ H R RFROR GO R H

*

Can also be applied to files

P P ®KrRr HRHKHOHOO R

P H ©® O +H H OO OO K

Image

{12, 12}

Grayscale

1 ]
None

None
3—tensor (size: 1x12x12)

,1.,1.,1.,1., 1.},
,1.,1.,1.,1.,1.},
,0.,0.,1.,1.,1.},
,0.,0.,1.,1.,1.},
,0.,0.,1.,1.,1.},
,0.,0.,1.,1.,1.},
,1.,0.,0.,1.,1.},
,1.,0.,0.,1.,1.},
,0.,0.,1.,1.,1.},
,0.,1.,1.,1.,1.},
,1.,1.,1.,1.,1.},
,1.,1.,1.,1.,1.}})

nwos- f = File@FindFile["ExampleData/coneflower.jpg"|

out[308]= File[ C:\Program Files\Wolfram

Research\Mathematica\11.3\Documentation\English\System\ExampleData\coneflower.jpg
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inizoo= imageenc[f]

ouzos- {{{0.898039, 0.890196, 0.870588, 0.909804, 0.729412,
0.698039, 0.603922, 0.815686, 0.65098, 0.658824, 1., 0.611765},
{0.835294, 0.929412, 0.894118, 0.705882, 0.501961, 0.529412,
0.470588, 0.462745, 0.564706, 0.929412, 0.717647, 0.541176},
{1., 0.909804, 0.705882, 0.509804, 0.521569, 0.533333, 0.513726,
0.470588, 0.529412, 0.662745, 0.572549, 0.666667},
{0.764706, 0.933333, 0.6, 0.486275, 0.545098, 0.498039, 0.47451,
0.486275, 0.443137, 0.537255, 0.639216, 0.623529},
{0.317647, 0.439216, 0.552941, 0.521569, 0.498039, 0.419608,
0.372549, 0.454902, 0.447059, 0.490196, 0.709804, 0.839216},
{0.72549, 0.694118, 0.470588, 0.486275, 0.435294, 0.345098,

0.341176, 0.384314, 0.427451, 0.431373, 0.737255, 0.909804},
{0.952941, 0.807843, 0.458824, 0.482353, 0.435294, 0.337255,
0.301961, 0.333333, 0.411765, 0.403922, 0.658824, 0.866667},
{0.776471, 0.776471, 0.439216, 0.423529, 0.411765, 0.364706,
0.313726, 0.368627, 0.419608, 0.4, 0.537255, 0.658824},
{0.898039, 0.615686, 0.423529, 0.360784, 0.388235, 0.329412,
0.337255, 0.415686, 0.352941, 0.466667, 0.654902, 0.545098},
{0.490196, 0.435294, 0.619608, 0.321569, 0.301961, 0.368627,
0.415686, 0.376471, 0.376471, 0.6, 0.694118, 0.807843},
{0.494118, 0.956863, 0.643137, 0.34902, 0.25098, 0.25098,
0.266667, 0.333333, 0.447059, 0.52549, 0.690196, 0.701961},
{0.917647, 0.886275, 0.784314, 0.392157, 0.486275, 0.32549,
0.411765, 0.447059, 0.705882, 0.32549, 0.682353, 0.760784}}}

e Allows for out-of-core learning on image and audio files!
e See the tutorial Training on Large Datasets for more

e A large collection of encoders are available for different datatypes
e “Audio”

e “Characters”

| 13
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Deep Learning in the Wolfram Language

5. NetEncoders

Encoders can be attached to the input ports of layers or containers. Attach an image NetEncoder to a

PoolingLayer via the "Input" option:

niz10p= pool = PoolingLayer[10, "Input" - NetEncoder[{"Image", 64}]]

Kernel size: {10, 10} }

outa10= Pooli ngLayer{ Stride: {1. 1}

Apply the PoolingLayer directly to an image, which will use the image NetEncoder to translate the image to

a tensor for PoolingLayer to operate on:

In[311]:= pool[.] // Shallow
Out[311)//Shallow=
{{{<55>}, {«<55>1}, {«<55>1}, {«55>1}, {«<55>1},

{<«<55>1}, {«<55>1}, {«<55>1}, {«<55>}, {«<55>}, «45>},

{{<<55>1}, {«<b55>}, {«<b55>1}, {«<55>1}, {«<55>}, {«<55>1},
{<<55>>1}, {«<55>1}, {«55>1}, {«<55>}, «45>1},

{{<<55>1}, {<«<55>}, {«<55>1}, {«<55>1}, {«<55>}, {«<55>1},
{<<55>1}, {«<55>1}, {<«<55>1}, {<«<55>}, «45>1}}
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Deep Learning in the Wolfram Language

5. NetEncoders

Encoders are what allows trained models to be used directly on the type of interest:

nE121= net = NetMode'L["Inception V3 Trained on ImageNet Competition Data"]

|:|’I’I Input port: image
ou1zi= NetChain [ Output port: class ]

Number of layers: 33

In[313]:=

ou313= | peacock

n314:= NetExtract[net, "Input'"]

Type: Image
Image size: {299, 299}
Color space: RGB
out[314]= NetEncoder[ Color channels: 3 ]
Mean image: {0.5, 0.5, 0.5}
Variance image: None

Output: 3—-tensor (size: 3x299x299)
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Deep Learning in the Wolfram Language

6. NetDecoders

A net will always output a numeric tensor. But for a task like classification, one wants class-labels as
output. A NetDecoder is a mechanism for returning non-numeric tensors from nets.

nz15p= dec = NetDecoder [ {"Class", {"dog", "cat'"}}]

Type: Class
out[315]= NetDecoder{ :_r?:))jtlsc:jepth' {:'Idog, il J
Dimensions: 2

This decoder will interpret a vector of probabilities over classes as a class label:
inz1e= dec[{0.1y 0.9}]
outztel= cat

The probabilities can also be obtained:

nei7- dec[{@.1, 8.9}, "Probabilities"]

out[317]= <‘dog%0.l, Cat90.9‘)
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Deep Learning in the Wolfram Language

6. NetDecoders

A decoder can be attached to the output of a layer or container:

n31s= soft = SoftmaxLayer ["Output" -> NetDecoder[{"Class", {"dog", "cat"}}]]

out[318]= SoftmaxLayer{ Level: -1 }

Output: class

neio- soft[{44, 41}, "Probabilities"]

ouzio- (| dog - ©.952574, cat —» 0.0474259 |)

This mechanism allows pre-trained nets to output class-labels:

nE20;= net = NetMode'L["Inception V3 Trained on ImageNet Competition Data"];

In[321]:=

outiz21)= | peacock

inz221= NetExtract[net, "Output'"]

Type: Class

— NetDecoder[ Labels: { , «<997>, [carbonara], [dumbbell]} }

Input depth: 1
Dimensions: 1001

| 17
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Deep Learning in the Wolfram Language

7. Training

e To train a net, it must have one output, the loss

e Training involves finding parameters to minimize the loss

A very simple example:
3= data = {{1} » {1.9}, {2} > {4.1}, {3} > {6.0}, {4} » {8.1}}
ouzal= {{1} » {1.9}, {2} » {4.1}, {3} > {6.}, {4} > {8.1}}

ne241= net = NetInitializee
NetGraph[{LinearLayer[1], MeanSquaredLossLayer[]}, {1 - 2}, "Input" - {1}]

= - B Number of inputs: 2
oupzz4= NetGraph | " Loss port: real ||
Number of layers: 2

Evaluating this net:

inE2s= net[<|"Input" » {2}, "Target" - {4.1}|>]
out3zs)= 1.56566
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Deep Learning in the Wolfram Language

7. Training

Train the net:

na2e;- trainednet = NetTrain[net, data]

E _ B Number of inputs: 2
ouyazel= NetGraph L "] Loss port: real
Number of layers: 2

The output is now much smaller:
nz27= trainednet[<|"Input" -» {2}, "Target" -» {4.1}|>]
out3271= 0.00999998

Training has changed the parameters:

nz2s- NetExtract[net, {1, "Weights"}]
NetExtract|[trainednet, {1, "Weights"}]

ouz2gl= {{1.42437}}

oua29= {{2.05}}
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Deep Learning in the Wolfram Language

8. Surgery

e Very easy to look into nets and modify them

Remove the weights from the trainable layers:

in330:= model = NetMode'l["LeNet Trained on MNIST Data"]

D'D’I Input port: image
ou3zol= NetChain [ Output port: class ]
Number of layers: 11

in331- NetInitialize[model, None]

oL Iil_el Input port: image
ougsst= NetChain [ 8 Output port: class }
Number of layers: 11

Drop the liner layers and make the resulting fully convolutional net size-independent:

nisz- NetReplacePart [NetDrop [model, -4], "Input" - Automatic]|

D'D’I Input port: 3-tensor (size: Tx{Ix{)
ou32= NetChain [ Output port: vector }
Number of layers: 7

Replace the activation function:

In[333]:= NetReplace[mode'l., ElementwiselLayer [Ramp] - Elementw-iseLayer[Tanh]]

D’D’I Input port: image
ou33s= NetChain L Output port: class J

Number of layers: 11
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Training a Digit Classifier

Obtain the MNIST dataset, which contains 60,000 training and 10,000 test images:

n334;- trainingData = ResourceData ["MNIST", "Tra-in-ingData"] 3
testData = ResourceData["MNIST", "TestData"];

Display a few random examples from the training set:

in336:- RandomSample [tra'i ningData, 5]

Out[336]:{q -7, q -9, 9 -9, 7%8, 3—>3}
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Training a Digit Classifier

We could use a pre-trained version of LeNet from the Wolfram Neural Net Repository:

n337:= lenetModel = NetModel["LeNet Trained on MNIST Data"]

D}D}I Input port: image
ou3s7= NetChain [ Output port: class }

Number of layers: 11

Classify a list of images using the pretrained net:

In[338]:= 'l.enetModel[{ 5 ’ q ’ 8 ’ # }]

oussg= {3, 9, 8, 4}

But lets do this from scratch, making use of all of the components.
e We are also going to do this in the most general way

e For a faster way, see the Tutorial MNIST Digit Classification



Training a Digit Classifier

e Define encoders + decoders:

inzsg= dec = NetDecoder [ {"Class'", Range[0, 9]}]

ouzsgl= NetDecoder [

Type:
Labels:
Input depth:
Dimensions:

Class
{0, 1, <7>, 9}

] ]
10

inz40p= enc = NetEncoder [ {"Image", {28, 28}, "Grayscale'"}]

ouzs0l= NetEncoder

Type:

Image size:
Color space:
Color channels:
Mean image:
Variance image:
Output:

Image

{28, 28}

Grayscale

1 ]
None

None

3—tensor (size: 1x28x28)

Deep Learning in Mathematica-MMA11.nb

| 23



24 | Deep Learning in Mathematica-MMA11.nb

Training a Digit Classifier

e Define a convolutional neural network that takes in 28x28 grayscale images as input:

n341= uninitializedLenet = NetChain[

{

ConvolutionLayer[20,5], (xfirst convolution => 20 feature imagesx)
ElementwiseLayer [Ramp], (x»activation function (ReLU) => non-linearity, sparsity
PoolingLayer[2,2], (*max pooling => downsamplingx)

ConvolutionLayer[50,5], (»second convolution => 50 feature +imagesx)
ElementwiseLayer [Ramp], (#activation function (ReLU) => non-linearity, sparsity
PoolingLayer[2,2], (*max pooling => downsamplingx)

FlattenLayer[], (»flattening => images to vectorx)

LinearLayer[500], («first fully connected layer => feature vector from im
ElementwiselLayer [Ramp], (*activation function (ReLU) => non-linearity, sparsity
LinearLayer[10], (»second fully connected layer => class predictionx)
SoftmaxLayer[] (*normalizations)

}s
"Input" - enc, (*encoder => image to tensorx)
"Output" - dec (xdecoder => tensor to classx)

101 Input port: image
. uninitialized
out[341]= NetCha1nL Output port: class
Number of layers: 11
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Training a Digit Classifier

Construct a NetGraph by supplying a list of layers and connections:

neez)= trainingNet = NetInitializeeNetGraph[<|
"lenet" -» uninitializedLenet, "loss" - CrossEntropyLossLayer ["Index"] |>,
{NetPort["Input"] -» "lenet" » NetPort["loss", "Input"],
NetPort["Target"] -» NetPort["loss", "Target"] }]

@ B Number of inputs: 2

out[342]= NetGraph[ H - Loss port: real }
Number of layers: 2

Evaluate the training net on some examples:

"Input"—»{&_, 4{ s 7 s q s g},"Target"—>{2,4,7,9,8}|)]

ouz4s= {3.04486, 1.21394, 7.099, 4.85219, 1.99851}

n43= trainingNet [ <

These losses summarize how well LeNet did at predicting the targets when given the images. Because
LeNet was randomly initialized, we expect it to be no better than chance (on average). During training, the
learnable parameters in LeNet are gradually adjusted to bring the average loss down.
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Training a Digit Classifier
Convert the training and test data into association form, using Keys and Values to obtain the images and
the labels from the lists of rules in the training and test data:

n3441= trainAssoc = <|"Input" - Keys [tra'i ni ngData] ,
"Target" - Values|[trainingData] +1|>;
testAssoc = <|"Input" -» Keys[testData], "Target" -» Values[testData] +1|>}

Show a small sample of the training association:

nies)- Part[trainAssoc, All, {1, 1074, 4 10”4, 51074} ]

out[346]= <‘Inpu‘ta{ 0, / , 6 y ? },Targeta{l,2,7,9}‘)
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Training a Digit Classifier

In[347):=

out[347]=

Let us now perform the training using NetTrain. Notice several things about this net example:

e We have specified MaxTrainingRounds -> 5, which will scan the entire training set five times before
finishing.

e We have given All as the third argument, to obtain a NetTrainResultsObject that summarizes various

information about the training session.

e We have given a ValidationSet, which allows us to measure how well the trained classifier generalizes to
new examples that it has not trained on. This helps avoid a common pitfall known as "overfitting".

e See the Tutorial Training Neural Networks with Regularization for extra understanding of overfitting
and preventing it

e We have specified TargetDevice —>"CPU" (which is already the default). If you have an NVIDIA graphics
card, however, you can change this to "GPU" to achieve a big speedup in training.

Train LeNet:

results = NetTra'in[tra'im'ngNet, trainAssoc, All,
ValidationSet » testAssoc, MaxTrainingRounds - 5, TargetDevice - "CPU"]

NetTrainResultsObject|

Total training time: 1.1 min

Total rounds: 2

Total batches: 1137 Loss evolution plot: Error evolution plot:
Batch size: 64

Method: ADAM

Final round loss: 0.0523

Final validation loss:  0.0465 1 "
Final round error: 1.54%

Final validation error: 1.44%
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Training a Digit Classifier

In[348]:=

out[348]=

In[349]:=

out[349]=

In[350]:=

out[350]=

Obtain the loss evolution plot from the NetTrainResultsObject:

results["LossEvolutionPlot"]

rounds

validation

loss

—— training
10t MAA L .

P

Obtain the trained net from the NetTrainResultsObject and from it extract the prediction network:

trainedLenet = NetExtract|results["TrainedNet"], "lenet"]

Dﬂ}l Input port: 3—tensor (size: 1x28x28)
NetChain L Output port: vector (size: 10) J
Number of layers: 11

Reattach the NetEncoder and NetDecoder that were removed when the classification net was embedded
inside the training network:

trainedLenet = NetRep'LacePart[tra‘inedLenet, {"Input" - enc, "Output" - dec}]

D’D’I Input port: image
NetChain| Output port: class ||

Number of layers: 11
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Training a Digit Classifier
Make a classification on an image:
In[351):= tra'inedLenet[ &]
ou[3si= 2
Obtain the top probabilities for a difficult image:
In[352):= tra'inedLenet[ ‘{ s "TopProbab‘i'L'it'ies"]

oussz= {3 > 0.685553, 2 - 0.168939}

Compare with the fully trained model:
In[353]:= NetMode'l["LeNet Trained on MNIST Data"][ ‘2 s "TopProbab'i'l'it'ies"]

ou3s3= {3 - 0.999962}
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Evaluate the Digit Classifier

In354:- measurements = Class-if'ierMeasurements[tra'inedLenet, testData]

Classifier: Net }

oupsse= ClassifierMeasurementsObj ect[ Niuser et s el 10050

1| Data not in notebook; Store now »

Obtain the overall accuracy:

in355:= measurements["Accuracy"]

outzss= 0.9856

This could have been done much more simply with Classify:

nzse= classifier = Classi fy[tra'in'ingData, ValidationSet -» testData]
ClassiﬁerMeasurements[class-if'ier, testData, "Accuracy"]

&: Input type: Image }
Number of classes: 10
Method: LogisticRegression
Number of training examples: 60 000

ouzse= ClassifierFunction [

ouz571= 0.8969
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Summary of the Framework

e The WL Neural Net framework is an industrial-strength, scalable framework
e uses latest NVIDIA libraries
e backed by MXNet
e used extensively internally by Wolfram Research
e |t has a great Neural Net Repository
e curation from frameworks
e access to a huge collection of nets trained by WL
e ensures our framework can represent most modern nets
e No lock-in
e import/export to MXNet
e hopefully support for the ONNX format
e Easier to use than other frameworks
e makes developers much more productive

e true variable-length sequence support
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https://mxnet.incubator.apache.org/
https://onnx.ai/
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Thank you



