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What's New in SAS Deep Learning

SAS Deep Learning Toolkit on SAS Viya 3.3

The SAS Deep Learning toolkit is a new set of cloud-enabled SAS CAS actions released with SAS Viya 3.3. The
actions are delivered as part of SAS Visual Data Mining and Machine Learning (VDMML) 8.2. The new Deep
Learning toolkit includes the following key features:

Supports deep fully-connected neural networks (DNN), convolutional neural networks (CNN), and recurrent
neural networks (RNN).

Note: In this documentation, DNN always refers to a deep fully-connected neural network.
Provides layer-based operations to build customized neural networks.

Accepts raw images, text, and numeric data as input types.

Supports output of each layer of the network.

Supports regression, classification, autoencoder, and seq2seq modeling tasks.

Provides Dropout, L1, and L2 regularizations to prevent model overfitting.

Utilizes modern Stochastic Gradient Descent (SGD) and Limited-memory Broyden-Fletcher-Goldfarb-Shanno
(L-BFGS) optimization methods.

Supports AStore generations for deep neural networks (DNN) and convolutional neural networks (CNN), as
well as DS1 score codes for DNN.

Supports importing trained DNN and CNN Caffe models.

SAS Deep Learning actions support Massively Parallel Processing (MPP) and Symmetric Parallel Processing
(SMP) with multiple threading.

Supports for one or more GPU processors with SMP servers.
Supports customized activation and loss functions using SAS FCMP (Function Compiler).

Supports automatically tuning optimization hyperparameters.



New Deep Learning Action Sets
The following SAS Deep Learning Action sets are new:

The deepNeural action set enables you to model and score tasks that require deep fully-connected neural
networks.

The deepRnn action set enables you to model and score tasks that require deep recurrent neural networks,
using text as the input.

The deeplLearn action set enables you to model and score tasks that require deep learning networks. The
deeplearn action supports DNN, CNN, and RNN.

GPU Support Information
The SAS Deep Learning toolkit provides GPU support under the following conditions:
GPU support is only enabled for SMP architectures.

GPU is supported for feed forward neural network architectures with fully connected and convolutional
layers, such as DNN and CNN.

Only one GPU is supported when using a batch normalization (BN) layer.
The layerOut specification to generate the feature maps for selected layers is not supported with diScore.
GPU does not support Astore scoring, FCMP, or L-BFGS.

The nThreads= value must be greater than or equal to the number of available GPU devices in order to use
all of them.

GPU support for the batch normalization (BN) layer is experimental.

Sharing GPU among multiple processes is not recommended. GPUs need to be used exclusively.
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Convolutional Neural Networks

Overview

Convolutional neural networks (CNNs) are a class of artificial neural networks. CNNs are widely used in image
recognition and classification. Like regular neural networks, a CNN is composed of multiple layers and a number
of neurons. CNNs are designed to take image data as input. This assumption allows CNNs to use structural
information so that they are more computational efficient and use less memory.

Layers in CNNs

A typical CNN consists of four types of layers: input layer, convolution layer, pooling layer, and output layer. Each
type of layer has its own specific properties and functionalities. Below is a brief description of those layers.

Input Layer
The input layer stores the raw pixel values of the image to be classified. For instance, each image in the
CIFAR-10 data set has a height of 32, width of 32, and three color channels of blue, green, and red.

Convolution Layer
The convolution layer computes the output of neurons that are connected to local regions in the input. Each
computes a dot product between their weights and a small region where they are connected to the input
volume. If you decide to use 12 filters, a volume might result such as 32 x 32 x 12.

The convolution layer parameters consist of a set of learnable filters. Every filter is small spatially (along
width and height), but extends through the full depth of the input volume. For example, a typical filter on a
first layer of a CNN might have size 5 x 5 x 3, that is, 5 pixels width, 5 pixels height, and 3 filters (blue, green,
and red). During the forward pass, the algorithm convolves (slides) each filter across the width and height of
the input volume and computes dot products between the entries of the filter and the input at any position. As
the filter moves over the width and height of the input volume we produce a 2-dimensional activation map
that gives the responses of that filter at every spatial position.

Intuitively, the network learns filters that activate when they see some type of visual feature (such as an edge
of some orientation, or a blotch of some color) on the first layer. Eventually some patterns are detected on
higher layers of the network.
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When building a CNN using SAS Deep Learning actions, the researcher does not need to specify padding for
the convolution (or pooling) layer. Padding is automatically calculated so that, for a stride of 1, the image size
after convolution is exactly the same as it was before convolution. For a stride of 2, the output image size is
1/2 the input image size, and so on.

For more information about how SAS Deep Learning performs convolution layer padding, see Automatic
Padding Calculations for Convolution Layers on page 6.

Pooling Layer
The pooling layer performs a downsampling operation along the spatial (height, width) dimensions.

It is common to periodically insert a pooling layer in-between successive convolution layers in a CNN
architecture. Its function is to progressively reduce the spatial size of the representation to reduce the
amount of parameters and computation in the network, and hence to also control overfitting. The pooling
layer operates independently on every depth slice of the input and resizes it spatially, for instance, using the
MAX operation. The most common form is a pooling layer with filters of size 2x2 applied with a stride of 2
downsamples every depth slice in the input by 2 along both width and height, discarding 75% of the
activations. Every MAX operation would in this case be taking a max over 4 numbers (little 2x2 region in
some depth slice). The depth dimension remains unchanged.

In addition to max pooling, the pooling units can also perform other functions, such as global average pooling
or mean pooling.

Output Layer
The output layer is essentially a fully connected layer that is associated with a particular loss function. The
output layer computes the class scores, with a resultant volume of size 1 x 1 x 10, such that each of the 10
digits in the third dimension corresponds to a class score, where class scores map to the 10 categories of the
CIFAR-10 image set.

Neurons in a fully connected layer have full connections to all activations in the previous layer, as seen in
regular neural networks. Their activations can hence be computed with a matrix multiplication followed by a
bias offset.

These processes are how CNNSs transform original images layer by layer, from the original pixel values, to the
final class scores. You might observe that some layers contain parameters and some layers do not. For
instance, the convolution and fully connected layers perform transformations that are not only a function of the
activations in the input volume, but also of the parameters (the weights and biases of the neuron connections).
In contrast, the pooling layer implements fixed functions. The parameters in the convolution and fully connected
layers are trained using stochastic gradient descent or the L-BFGS optimizer. This means that the class scores
the CNN computes will be consistent with the labels in the training set for each image.

Neurons in CNNs

CNNs take advantage of the fact that the input consists of images. As a result, CNN network layers constrain the
architecture more sensibly. Unlike an ordinary neural network, the layers in a CNN have 3 dimensions: width,
height, and depth.

Note: The word depth here refers to the third dimension of an activation volume, not to the depth of a full neural
network.

Consider the input images in Krizhevsky, Nair, and Hinton’s CIFAR-10 data set. The data set contains 60,000
32x32 color images distributed across 10 classes, with 6000 images per class.

In other words, the CIFAR-10 images are an input volume of activations, and the volume has dimensions of 32 x
32 x 3 (width in pixels, height in pixels, depth in channels, respectively). The neurons in a layer will be connected
only to a small region of the layer before it, instead of all of the neurons in a fully connected manner. It follows
that the final output layer for the CIFAR-10 data using CNN would have dimensions of 1 x 1 x 10, because by
the end of the CNN architecture, the full image is reduced into a single vector of class scores, arranged along
the depth dimension.

Here is a visual representation of a regular 3-layer neural network:


https://www.cs.toronto.edu/~kriz/cifar.html
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Here is a visual representation of a CNN model.
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Note: Image credit: “CS231n: Convolutional Neural Networks for Visual Recognition (Spring 2017),” A.
Karpathy, Stanford University. http://cs231n.github.io/convolutional-networks/#add

You can see that the CNN arranges its neurons in three dimensions (height, width, depth) as visualized in one of
the layers. In a CNN, every layer transforms the 3-dimensional input volume to a 3-dimensional output volume of
neuron activations with three convolution filters. Here, the pink input layer holds the image. The image height
(32) and width (32) are specified in the corresponding dimensions using pixels. The depth is 3, for the three
(blue, green, and red) filters.

Automatic Padding Calculations for Convolution Layers

Currently, SAS Deep Learning action users cannot specify the padding to be used by a convolution layer. In
order to be able to match the padding used by other frameworks, that feature may be added in the future.

SAS Deep Learning calculates automatic padding for a convolutional layer as follows:

The padding is calculated with the goal of producing an output image in a size that will be “reasonable”, based
on the original input image size and filter size. The key issues are whether the input image dimensions are even
or odd, whether the filter dimensions are even or odd, and the value of the user-specified stride.

Some of the “reasonable” rules are:

The horizontal and vertical padding sizes are independent of each other. Changing the horizontal dimension
of an image or filter will have no effect on the vertical padding size.

If the stride is 1, then the output image size is the same as the input image size. When discussing
convolutions, this is sometimes referred to as “same padding”.

If the stride is 2, then the output image size is about one half the input image size.

Padding is first added to the right side of the image, then the left. So, if padding is unequal, the right side will
have more padding than the left.

Images are padded with zeros.
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In order to match the padding calculations between CPU and GPU, you should specify the forceEqualPadding
option when you call the dITrain action.

Common CNN Architectures
Here are some of the most commonly referred to convolutional neural networks that have named architectures:

Lenet
The first successful applications of convolutional networks were developed by Yann LeCun in 1990s. Of
these, the best known is the LeNetarchitecture. The LeNet architecture was used to read ZIP codes, digits,
etc.

AlexNet
The AlexNet was the first work that popularized convolutional networks in computer vision, developed by
Alex Krizhevsky, llya Sutskever and Geoff Hinton. The AlexNet was submitted to the ImageNet Large Scale
Visual Recognition Challenge (ILSVRC) in 2012 and significantly outperformed the second runner-up: for
instance, AlexNet had a Top 5 error of 16%, whereas the runner-up had a Top 5 error of 26%. AlexNet has a
very similar architecture to LeNet, but is deeper, bigger, and features convolutional layers stacked on top of
each other. This is significant because beforehand, it was common for architectures to have only a single
convolutional layer, which was always immediately followed by a pooling layer.

ZF Net
Matthew Zeiler and Rob Fergus won the 2013 ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) using a convolutional network architecture called the ZFNet. It improved performance over AlexNet
by tuning the architecture hyperparameters, by expanding the size of the middle convolutional layers and, by
using a smaller stride and filter size on the first layer.

GooglLeNet
The 2014 ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winner was a convolutional
network from Szegedy et al. from Google. Its main contribution was the development of an inception module
that dramatically reduced the number of parameters in the network (4M, compared to 60M in AlexNet). This
architecture uses average pooling instead of fully connected layers at the top of the convolutional network.
This improvement eliminates a large amount of parameters that do not seem to matter much.

VGGNet
The 2014 ImageNet Large Scale Visual Recognition Challenge (ILSVRC) runner-up was the network from
Karen Simonyan and Andrew Zisserman. Their network was called VGGNet. VGGNet showed that the depth
of a convolutional network is a critical component for good performance. Their final best network contains 16
convolutional/fully-connected layers with a homogeneous architecture that performs only 3x3 convolutions
and 2x2 pooling from the beginning to the end. A pretrained VGGNet model is available for plug and play use
in Caffe. A downside of the VGGNet is that it is more expensive to evaluate and uses a lot more memory and
parameters (140M). Most of these parameters are in the first fully connected layer, and it was since found
that these fully connected layers can be removed with no performance downgrade, significantly reducing the
number of necessary parameters.

ResNet
ResNet is a residual network developed by Kaiming He et al. ResNet was the winner of ImageNet Large
Scale Visual Recognition Challenge (ILSVRC) 2015. ResNet features special skip connections and a strong
use of batch normalization. The architecture also notable because it does not have any fully connected
layers at the end of the network. ResNets are considered by many (in 2016) to be state of the art
convolutional neural network models.

The SAS Deep Learning toolset delivered with SAS Viya 3.3 supports VGG-like and ResNet-like CNN models .


http://yann.lecun.com/exdb/publis/pdf/lecun-98.pdf
http://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks
https://arxiv.org/abs/1311.2901
https://arxiv.org/abs/1409.4842
http://www.robots.ox.ac.uk/~vgg/research/very_deep/
http://www.robots.ox.ac.uk/~vgg/research/very_deep/
https://arxiv.org/abs/1512.03385

Batch Normalization

Overview

Batch Normalization is an optimization method that often results in faster convergence (in terms of number of
epochs required) and better generalization of deep neural networks. The February 2015 paper, “Batch

Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift,” by Sergey loffe and
Christia Szegedy describes the rationale and implementation of batch normalization in deep neural networks.

In the SAS Deep Learning actions, batch normalization is implemented as a separate layer type. The batch
normalization layer is typically inserted after a convolution or pooling layer, but batch normalization layers can be
placed anywhere after the input layer and prior to the output layer.

Batch Normalization Formula

The batch normalization operation normalizes a set of input data by performing a standardizing calculation to
each piece of input data. The standardizing calculation subtracts the mean of the data, and then divides by the
standard deviation. It then follows this calculation by multiplying the data by the value of a learned constant, and
then adding the value of another learned constant.

Thus, the normalization formula is:
X; —
v % ( za 14) + ﬂ

Gamma and beta are learnable parameters. When training, the mean and standard deviation are computed over
the current mini-batch of the training data set. When scoring, the mean and standard deviation used are those
computed over the entire training data set. In addition, if the data from source layer to the batch normalization
layer is structured as feature maps (as in the convolution layer), then a separate mean, standard deviation,
gamma, and beta is computed for each feature map (i.e. the mean of a feature map is the average value of ALL
pixels in the feature map for each feature map in the mini-batch). If the data from the source layer is not
structured as feature maps (as in the fully connected layer), then a separate mean, standard deviation, gamma,
and beta is computed for each neuron.

Source Layer Parameter Settings

In order for the batch normalization computations to conform to those described in Sergey loffe and Christian
Szegedy’s Batch Normalization research, the source layer should have settings of act=identity and
includeBias=False. The activation function that would normally have been specified in the source layer
should instead be specified on the batch normalization layer. If you do not configure your model to follow these
option settings, the computation will still work, but it will not match the computation as described by loffe and
Szegedy.

Computing Related Statistics when Scoring

The statistics used in the batch normalization formula (that is, the mean and standard deviation for each feature
map or neuron) are computed during training, and then re-computed over each mini-batch. When scoring,
however, it is more appropriate to use mean and standard deviation statistics that are computed over the entire
training data set. In order to perform this task without making an extra pass through the data at the end of
training, the SAS Deep Learning actions accumulate the sum(x) and sum(x?) for each feature map or neuron
over an entire epoch. Then those sums are used to compute the mean and variance over the entire training data
set, using the standard mean and variance computing formulas.

Of course, these are not quite the true mean and standard deviation over the entire training data set. This is
because the weights are adjusted after each mini-batch, which means that the sums are computed using
different weights. However, in the last epoch of most training runs, those weights often do not change much


https://arxiv.org/abs/1502.03167
https://arxiv.org/abs/1502.03167
https://arxiv.org/abs/1502.03167
https://arxiv.org/abs/1502.03167
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when the neural network is converged well, or if the learning rate is small in SGD.Experiments have shown that
if the training has converged significantly (to the point where the weights are no longer changing much), the
resulting final means and standard deviation sums are reasonably close to the actual means and standard
deviation calculated over the entire training data set using a fixed set of weights. Experiments have also shown
that the accuracy of scoring is not affected by small variations in mean and standard deviation measurements.

Storing Trained Batch Normalization Parameters

When using SAS Deep Learning actions, the batch normalization parameters are saved as part of the weight
table. The learnable batch normalization layer parameters, gamma and beta, for each feature map or neuron,
are saved in the bias weight portion of each batch normalization layer's weights. That is so that they will not be
part of the L1 or L2 regularization computations. The batch normalization statistics (mean and standard
deviation for each feature map or neuron) for each batch normalization layer are stored at the end of the weight
table.

Current Limitations

Currently, SAS Deep Learning batch normalization is experimental on GPU, and is supported only on a single
GPU with the parameter specification nThreads=1. Batch normalization is supported on multiple CPUs with any
value of nThreads=. Batch normalization on CPUs supports only synchronous SGD and L-BFGS. The statistics
required by batch normalization are computed for each mini-batch, which slows down the training process.
Future releases of the SAS Deep Learning tools will improve the scalability and speed performance of batch
normalization.
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Recurrent Neural Networks

Overview

Recurrent Neural Networks (RNNs) are specifically designed to handle sequence data, such as speech, text,
time series, and so on. RNNs are called recurrent because they perform the same task for every element of a
sequence. The output for each element depends on the computations of its preceding elements.

The original RNN is quite simple in architecture, but can be very hard to train when sequences get long. Two
popular variants of RNN are popular: Long Short-Term Memory (LSTM) and Gate Recurrent Unit (GRU). The
SAS Deep Learning actions support all three model types (RNN, LSTM, GRU).

The formulas used for the Deep Learning RNN, LSTM, and GRU algorithms can be seen and found in Empirical
Evaluation of Gated Recurrent Neural Networks on Sequence Modeling, by Junyoung Chung, Caglar Gulcehre,
KyungHyun Cho, and Yoshua Bengio, Université de Montreal, 2014.

Peephole Connections in RNNs

Peephole connections were created to improve performance of Long Short-Term Memory (LSTM) networks.
Peepholes connect the LSTM memory cell to non-linear gates (input, output, forget) that regulate the flow of
signals in and out of the cell. This behavior allows the gates in LSTM networks to not only depend on the hidden
state, s, ,, but also on the previous internal state c,,. This adds an additional term to the gate equations.

Peephole connections can effectively regulate long range dependencies and improve RNN training performance.

The current SAS Deep Learning implementation of LSTM uses peephole connections that are always turned on.
Future updates of the SAS Deep Learning actions will feature configurable peephole connection settings.

Typical RNN Applications
RNNs that you build using SAS Deep Learning actions support the following application types:

Forecasting and time series: applications where the input is numeric sequence data, and the output is a
single numeric value or a nominal target value.

Sentiment analysis and text catergorization: applications where the input is text data, and the output is a
single numeric value or a nominal target value.

Automatic speech recognition: applications where the input is a numeric sequence, and the output is
nominal labels for the input sequence. Only CTC loss is supported in this application.

Text summarization, and simple question and answer (Q&A): applications where the input is text, and the
output is also text.

Supported Major Features

The SAS Deep Learning tools set supports the following algorithms and statistical tools for RNNs:
Sampled Softmax for text generation with very large vocabulary.
Bidirectional recurrent layers.
Connectionist Temporal Classification (CTC) loss function for speech recognition.

Text tokenization and term-to-embedding mapping: text can be used as direct input and output, significantly
simplifying text tasks.


http://arxiv.org/pdf/1412.3555v1.pdf
http://arxiv.org/pdf/1412.3555v1.pdf
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Using Text Generation Models
The following usage notes can be helpful when using deep learning text generation models:

When you perform text generation, make sure that you store the word embeddings with ID mapping during
training, and then use the same table for scoring. If you do not use the same table for scoring, your results
will be invalid.

Word embeddings are numeric vector representations of words trained based on large corpus, typically
without any label information. Popular word embeddings include Word2Vec, Glove and FastText, and they
are publicly available for download.

Any column name can be used in an embedding table, but the first column of the embedding table must be
the word, and the rest of the columns are treated as numeric vector representation of that word.

SAS Deep Learning tools currently do not support on-the-fly task-oriented word embedding training. SAS
deep learning experiments and other public research papers show that task-oriented word embedding
training does not always lead to better results, unless a huge amount of labeled data is available. Using pre-
trained word embeddings like Word2Vec, Glove or FastText should be sufficient in most cases. SAS Deep
Learning tools will provide embedding training capability in the future.

Use the modelOutputEmbeddings table for output embeddings, and use the original embedding table for
input embeddings. This is because the modelOutputEmbeddings table contains only terms that are present
in output text, and discards terms that are present only in the input text. If you use the
modelOutputEmbeddings table for input embeddings, your results tend to contain more unknown terms.

Make sure you specify values for hasInputTermIds and hasOutputTermIds (if applicable) correctly for
input and output embedding tables.

Training and scoring for text generation are slightly different. Training uses the ground truth word to predict
the next word, while scoring uses the predicted word to predict the next word. Because of the difference, you
should expect the reported error rates for training and scoring to be different.

When you perform text generation with sampled Softmax, training and scoring are different. Training uses a
small negative sample set to speed up training, while scoring considers all words in the dictionary. Because
of this difference, you should expect the results for training and scoring to be different.

Use sampled Softmax only when the number of levels is extremely large, for example, greater than 10,000.

Arbitrary length layers should be used in a text generation model.

Using Sequence Analysis Models
The following usage notes are useful when using deep learning sequence analysis models:

When you perform numeric sequence analysis, make sure that you specify the correct token size (how many
numbers per step). The default token size value is 1, which might be incorrect in some data sets.

When you perform numeric sequence analysis for sequences that have different lengths, make sure that
there is a column that stores the actual sequence length for the row, and specify the sequence length
parameter with the column name at training time. Otherwise, your results will be incorrect.

When you specify a target sequence, you must use the CTC loss function. Other loss functions are not
supported for target sequences.

Using Generic RNN Models

The following usage notes are useful when using generic deep learning RNN models:


https://github.com/dav/word2vec
https://nlp.stanford.edu/projects/glove/
https://github.com/facebookresearch/fastText/blob/master/README.md
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If your model generates floating point exception errors, consider specifying values for the gradient clipping
parameters (clipGradMin and clipGradMax). Once unrolled, RNN models can be extremely deep. Very
deep RNN models can generate floating point overflow conditions.

GRU models usually gets similar results as LSTM models, but GRU models train faster, and GRU models are
smaller in size.

In order to build a decent text generation model, a lot of data is required and a very long training is needed.

For best deep learning results, always shuffle your input data before training, and whenever possible, use
sampling techniques to equalize class populations across the input training data.

Generally, different use cases require different model architectures. For instance, while text generation needs
an arbitrary length layer, classification requires an encoding layer.
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Using the SAS Function Compiler (FCMP)

Overview

The SAS Deep Learning action set provides basic activation and error functions, but you can create your own
custom activation and error functions using the SAS Function Compiler (FCMP). The FCMP procedure is part of
Base SAS software. You use FCMP to create user-defined functions that can be used in a SAS DATA step (as
well as in many SAS procedures). You can use FCMP with SAS Deep Learning to provide custom error and
activation functions for deployment to individual vector components.

After you define your activation and error functions using FCMP, you must specify the libraries that you need.
You do this by using the OPTIONS statement to specify CMPLIB= system options. For more information about
the OPTIONS statement, see “SAS Global Statements: Reference” in SAS Global Statements: Reference .SAS
Global Statements: Reference. For more information about the CMPLIB= system option, see SAS System
Options: Reference.

Note: Because FCMP is applied to individual vector components (instead of an entire vector), your gradient
calculations will be incorrect if you use FCMP in conjunction with the Softmax activation function. In general,
Softmax should be used only with the supported (non-FCMP equivalent) cross-entropy error function.

Here is a simple example that shows how FCMP can be used in conjunction with the SAS Deep Learning
actions. The purpose of this example is to demonstrate suggested syntax for defining activation and error
functions using FCMP.

Note: The trained model in the example below is not fully converged. The model can be further tuned and
optimized, but the intent of this example is to demonstrate how to define and use SAS FCMP activation
functions and error functions. Tuning and optimizing the example model below might be an interesting individual
exercise for experienced users.


http://documentation.sas.com/?docsetId=lestmtsglobal&docsetVersion=9.4&docsetTarget=titlepage.htm&locale=en
http://support.sas.com/documentation/cdl/en/lesysoptsref/64892/HTML/default/viewer.htm#n1ag2fud7ue3aln1xiqqtev7ergg.htm
http://support.sas.com/documentation/cdl/en/lesysoptsref/64892/HTML/default/viewer.htm#n1ag2fud7ue3aln1xiqqtev7ergg.htm
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Load the Fcmpact Action Set and Specify the Session
Library

In this Python example, we connect to a CAS server by importing the SAS Scripting Wrapper for Analytics
Transfer (SWAT) and using the sw. cas package to create a connection. Then we load the fcmpact action set
and set the session CMPLIB= system option to specify the function library to reference:

import swat as sw

= sw.CAS('server-name.unx.my-org.com', 35131, nworkers=1)
.sessionprop.setsessopt (caslib="'CASUSER', timeout=31535000)
.loadactionset ('image')

.loadactionset ('deeplearn')

.loadactionset ('fcmpact')

.sessionProp.setsessopt (cmplib="'CASUSER.myactdef')

n n n n n n

Here is the response:

NOTE: 'CASUSER(userID)' is now the active caslib.
NOTE: Added action set 'image'.

NOTE: Added action set 'deeplearn'.

NOTE: Added action set 'fcmpact'.

Define Functions Using the AddRoutines Command

Next we use the AddRoutines command to define a self-gated activation function called swish, and an error
function called error. The functions create a smoothed approximation to the sum of absolute values between
the model output vector and the target vector. The activation function routines are saved to a table named
myactdef. The cmplib library name is myactdef.

Note: Functions that are defined by FCMP are applied to individual elements in the applicable layer vector,
instead of the entire vector. You should not expect to be able to write a function that takes matrix inputs and
operates on matrices.

s.addRoutines (
routineCode = {'''
function swish( t );
if (t »>= 0.0) then ft = 1.0 / (1.0 + exp(-t));
else do;
z = exp(t);
ft =z / (1.0 + 2);
end;
return(.3*t*ft);
endsub;
trr
function softplus( t );
if (t <= 0.0) then ft = log(l.0 + exp(t));
else do;
ft = t + log(l+exp(-t));
end;
return (ft) ;
endsub;
EEEREN
function error(t, target);
err = (t-target);
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err = softplus(err) + softplus(-err) - 2*softplus(0);
return (err) ;

endsub;

R ,

package = "pkg",

saveTable=1,

funcTable = dict (name="myactdef",caslib="casuser", replace=1)

)i

Load CIFAR-10 Train and Test Data Sets

CIFAR-10 is an established computer-vision data set used for object recognition. It is a labeled subset of the 80
Million Tiny Images data set, and consists of 60,000 32x32 color images. Each color image contains one of 10
object classes, with 6000 images per class.

Here we load the CAS training data, cifar10 train sample.sas7bdat, and the CAS test data,
cifarl0_test.sas7bdat, into the CAS session.

s.table.loadtable
path='cifarl0 train sample.sas7bdat')

s.table.loadtable (
path='cifarl0 test.sas7bdat')
testTbl = s.CASTable (
'cifarl0 test',
caslib="'CASUSER')
shuffleidSASCode = "call streaminit(_ rankid*1000);
shuffle id=rand(\"UNIFORM\");"

trainTbl = s.CASTable (
name='cifarl0 train sample',
computedVars=['shuffle id'],
computedVarsProgram=shuffleidSASCode,
groupBy="'shuffle id');

info=s.partition
table=trainTbl,
casout=dict (
name='cifarl0 train shuffle',
replace=True,
blocksize='32")
)

The response is:

NOTE: Cloud Analytic Services made the file cifarl0 train sample.sas7bdat
available as table CIFAR10 TRAIN SAMPLE in caslib CASUSER (userID) .

NOTE: Cloud Analytic Services made the file cifarl0 test.sas7bdat
available as table CIFAR1O TEST in caslib CASUSER (userID).

Create Models and Input Layer

This step creates a convolutional network model. We create the input layer, which holds the raw pixel values of
the image. The input layers are 32 pixels wide, 32 pixels high, with 3 channels (RGB), or 32 x 32 x 3. RGB
values are offset by the provided channel means of 126.02464141 (R), 123.7085042 (G), and 114.85431865 (B).


http://www.cs.toronto.edu/~kriz/cifar.html

channel means = [126.02464141,

s.buildmodel (
model=dict (

name="'FCMPNet ',
replace=True),

type='CNN')

s.addLayer (
model="'FCMPNet',
name="'data',

layer=dict(

type="'input',
nchannels=3,
width=32,
height=32,
scale=1,

123.7085042,

offsets = channel means)

114.85431865]

Create a Swish Convolution Layer
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This step adds convolution layers to the FCMPNet model. The convolutional layer computes the output of
neurons that are connected to the local regions in the input. The output is the dot product of individual neuron
weights and the small region that they are connected to in the input volume. The convolution layers use the
swish activation function that was defined earlier in the example. The kernel is 3 x 3, the step is 1, and
nFilters=32. Initial weights are specified in xavier.

s.addLayer (
model="'FCMPNet',
name="'convl',

layer=dict (

)i

type="'convolution',
fcmpact="swish",
nFilters=32,
width=3,

height=3,

stride=1,
init="xavier"),
srcLayers=['data']

s.addLayer (
model="'FCMPNet',
name="'conv2',

layer=dict (

type="'convolution',
fcmpact="swish",
nFilters=32,
width=3,

height=3,

stride=1,
init="xavier"),
srclLayers=['convl']
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)i

Add a Pooling Layer

This step adds a pooling (downsampling) layer. The downsampling takes place along the height and width
dimensions to result in a lower volume. Here we use a 5 x 5 kernel, a stride of 1, and we perform the pooling
operation using mean values. Pooling layers do not support activation function definitions.

s.addLayer (

model="'FCMPNet',

name='pooll',

layer=dict(
type="'pooling',
width=5,
height=5,
stride=1,
pool='mean'),
srcLayers=['conv2']

Add Additional Convolution and Pooling Layers

This step adds two more convolutions layers and one more pooling layer. The convolutional layers in his step
use 5 x 5 kernels, as opposed to the 3 x 3 kernel that was used in the initial convolutional layer.

s.addLayer (

model="'FCMPNet',

name='conv3',

layer=dict(
type="'convolution',
fcmpact="swish",
nFilters=32,
width=5,
height=5,
stride=1,
init="xavier"),
srcLayers=['pooll']

)i

s.addLayer (
model="'FCMPNet ',
name='conv4',
layer=dict(
type="'convolution',
fcmpact="swish",
nFilters=32,
width=5,
height=5,
stride=1,
init="xavier"),
srcLayers=['conv3']

)i

s.addLayer (
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model="'FCMPNet',
name='pool2',
layer=dict(
type="'pooling',
width=5,
height=5,
stride=1,
pool='mean'),
srcLayers=['conv4']

)i

Add an Output Layer to Compute Class Scores

The final fully connected layer in a convolutional neural network (CNN) is the output layer. The output layer
computes the class scores. For the CIFAR-10 data, the output layer has dimensions of 1 x 1 x 10, reducing the
full image into a single vector of class scores, arranged along the depth dimension. Each of the 10 numbers
corresponds to a class score, in this case, the 10 categories associated with the CIFAR-10 images.

In this example, we use the FCMP error function called error that we defined earlier using the AddRoutines
command on page 13. The first argument of the error function is treated as the predicted value, and the second
argument is treated as the corresponding target.

s.addLayer (

model="'FCMPNet ',

name='outlayer',

layer=dict (
type='output',
femperr='error',
fcmpact="'swish',
init='xavier'),

srcLayers=['pool2']

)

Train the CNN and FCMP Deep Neural Models

After you specify customized error and activation functions, identify your training data, and configure your deep
neural model, you are ready to train the model. In this instance, the image is expanded into a series of 32*32*3
columns. Each column corresponds to a pixel. The index starts from the top left corner and increases row by row
and channel by channel (BGR).

inputVars = []
for i in range(1,3073):
inputVars.append ('var'+str(i));

r = s.dltrain(
model="'FCMPNet ',
table=trainTbl,
seed=54323,
target="'labels’,
nominal=['labels'],
inputs=inputVars,
validTable=testTbl,
modelWeights=s.CASTable (

'FCMPNet Weights',
replace=True),
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optimizer=dict (
algorithm=dict (

method="'adam',
lrPolicy="'step',
stepsize=2,
learningrate=.0005,
gamma=.8),

maxEpochs=10,

minibatchsize=1,

loglevel=2,

regL2=1e-4)

)

Here is the response:

NOTE: The Synchronous mode is enabled.
NOTE: The total number of parameters is 92074.
NOTE: The approximate memory cost is 85.00 MB.
NOTE: 1Initializing each layer cost 0.44 (s).
NOTE: The total number of workers is 1.
NOTE: The total number of threads on each worker is 32.
NOTE: The total number of minibatch size per thread on each worker is 1.
NOTE: The maximum number of minibatch size across all workers for the
synchronous mode is 32.
NOTE: Target variable: labels
NOTE: Number of levels for the target variable: 10
NOTE: Levels for the target variable:
NOTE: Level 0: 5

NOTE: Level 1: 4

NOTE: Level 2: 7

NOTE: Level 3: 6

NOTE: Level 4: 1

NOTE: Level 5: 0

NOTE: Level 6: 3

NOTE: Level 7: 2

NOTE: Level 8: 9

NOTE: Level 9: 8

NOTE: Number of input variables: 3072

NOTE: Number of numeric input variables: 3072

NOTE: Epoch Learning Rate Loss Fit Error Time (s)
NOTE: 0 0.001 17772 0.8949 9.97
NOTE: 1 0.001 33.391 0.8951 9.87
NOTE: 2 0.001 29.572 0.8951 10.02

NOTE: The optimization reached the maximum number of epochs.
NOTE: The total time is 29.86 (s).

Score FCMPNet Model

The output scores for the FCMPNet models summarize the number of observations read and used, the
misclassification error, and the loss error for of each model. SAS Deep Learning uses dlscore to perform this
task.

Here is the code to score the model FCMPNet:

s.dlscore (
model="'FCMPNet',
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initWeights='FCMPNet Weights',
table=testTbl );

Here is the response:

Table 2.1 FCMPNet Model Scores

Description Value
0 Number of Observations Read 10000
1 Number of Observations Used 10000
2 Misclassification Error (%) 4517
3 Loss Error 0.159988

Deploying the Model with FCMP Codes

The deep learning model stores the names of the FCMP functions, but not the function definitions themselves. If
you deploy the model that you create in a new session, you must submit your FCMP function definitions to the
new session. Another way is to save and upload your FCMP library table to the new session. Remember to
specify any custom CMPLIB= session options that you declared with the original model.

Note: If the only dependency on FCMP comes from the error function definition, then you can score
observations as long as the target variable is not present. In this special case, FCMP would not be needed.
Currently, deep learning models with FCMP definition dependencies are not supported for DS1 and ASTORE.

Jupyter Notebook for the FCMPNet Example

Here is the Jupyter Notebook for this example.
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Stochastic Gradient Descent Optimizer

Overview

Gradient descent is one of the most popular optimization algorithms for neural networks. Gradient descent is a
way to minimize an objective function J(8) parameterized by a model's parameters 6 € R? by updating the
parameters in the opposite direction of the gradient of the objective function VJ(8) (with respect to the
parameters). The learning rate n determines the size of the steps taken to reach a (local) minimum. In other
words, gradient descent optimizations follow the direction of the slope of the surface (created by the objective
function) downhill until a valley or saddle point is reached.


http://support.sas.com/documentation/prod-p/vdmml/zip/PG_FCMP_V09_jpynb.zip
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Unlike gradient descent, which computes the gradient of the objective function with respect to the model
parameters for the entire training set, Stochastic Gradient Descent (SGD) computes gradients for small subsets
of the training data, called mini-batches. The SGD algorithm then updates the model parameters for each mini-
batch. Computing the gradient for a mini-batch requires much less computational time than computing the
gradient on the entire training set. This enables SGD to perform many updates on the model parameters in the
amount of time required for gradient descent to perform a single update. However, since each parameter update
is based on only a mini-batch, there is no guarantee that each update improves the objective value over the
entire training set.

In practice, SGD can perform well for machine learning problems. There are several methods that exist to
improve the performance of SGD that are available in the Deep Learning action set.

The momentum method accumulates parameter updates in a velocity vector, which is dampened after each
update.

The ADAM method adjusts learning rates for each individual model parameter by approximating second
order information about the objective function based on previously observed mini-batch gradients.

Vanilla SGD refers to standard SGD without changes to the parameter updates.

SGD requires the choice of many optimization parameters. For example, learning rate determines the size of the
parameter updates that SGD makes. Mini-batch size controls the size of the mini-batches used in a single
parameter update. The momentum parameter determines the how much previous velocity vectors are
dampened when using the momentum SGD variant. Choices of these optimization parameters have a large
effect on the performance of SGD and its variants. See the dITune action for automated ways of determining
good optimization parameter values.

Parallelization of the SGD method can be performed in multiple ways: synchronous, elastic, and downpour. The
total mini-batch size is calculated differently for each mode. For elastic and downpour modes, the total mini-
batch size is nThreads*miniBatchSize. For synchronous mode, the total size is
nThreads*miniBatchSize*nWorkers

Note: Large mini batches require a large learning rate. If the learning rate is not large, you might encounter
model generalization issues.

Specifying the Optimizer Algorithm and Mode

The algorithm option that you specify determines which optimizer is used. There are four optimization options.
The first three are SGD variants and the last one is L-BFGS:

Vanilla (plain SGD)

Momentum (SGD with momentum)

ADAM (another popular SGD variant).
L-BFGS (limited memory BFGS) on page 22.

The mode option determines how your chosen algorithm is parallelized across a grid. There are three different
modes for parallelization:

Synchronous Mode on page 21.
Elastic Averaging Mode on page 21.
Downpour Mode on page 21.

When running in SMP mode or with only one worker, synchronous mode is required. Also, L-BFGS supports
only synchronous mode.
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Synchronous Mode

The synchronous mode distributes gradient computations across worker nodes. Each worker computes the
gradient for a portion of the data that resides on that worker, and the gradient is aggregated on the controller,
which updates the parameters on the parameter server. The parameter server then sends the updated
parameters to each worker, so the processing for the next iteration can proceed. Synchronous mode is the only
available option for the L-BFGS algorithm.

Elastic Averaging Mode

Elastic Averaging is a stochastic gradient descent optimization that links the parameters of the concurrent
processes of asynchronous stochastic gradient descent with an elastic force, such as a center variable stored by
the parameter server. The elastic force allows the local variables to fluctuate farther from the center variable,
which in theory allows for a fuller exploration of the parameter space. Empirical evidence indicates that this
increased capacity for exploration leads to improved performance by finding new local optima.

The elastic averaging stochastic gradient descent method that SAS Deep learning uses is an asynchronous
version of the Elastic Averaging SGD algorithm advanced by S. Zhang, A. Choromanska, and Y. LeCun. The
elastic averaging SGD algorithm is motivated by the quadratic penalty method, but is re-interpreted as a
parallelized extension of the averaging stochastic gradient descent algorithm. This algorithm provides fast
convergent minimization while reducing the communication overhead between the master and local workers,
while maintaining high quality performance as measured by the test error. Local workers do local updates to the
parameters, and elastic averaging with the master (controller) asynchronously at syncFreq intervals of mini-
batch iterations. Elastic optimization applies well to deep learning settings such as parallelized training of
convolutional neural networks.

Downpour Mode

Downpour SGD is an asynchronous variant of the SGD method that was used by J. Dean et al. at Google. The
downpour SGD algorithm runs multiple replicas of a model in parallel on subsets of the training data. Updates
are sent to a parameter server, which is split across many machines. Workers compute gradients independently
and do asynchronous communications to the controller. The controller updates the parameters and sends them
back to the worker.

The SAS Deep Learning implementation of the downpour SGD method uses one parameter server and follows
the algorithm defined in Large Scale Distributed Deep Networks by J. Dean et. al.
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Limited Memory BFGS Optimizer

Overview

Limited-memory BFGS (Broyden—Fletcher—Goldfarb—Shanno) is a popular quasi-Newton method used to solve
large scale nonlinear optimization problems whose Hessian matrices are expensive to compute.

L-BFGS uses only the solutions and gradients from the most recent iterations to estimate the Hessian matrix. In
most cases, the iteration history size can be very small, so the memory requirement dramatically is reduced.
This makes L-BFGS very suitable for solving problems that have large numbers of variables.

Compared with SGD, L-BFGS requires more memory. It usually takes more epochs to reach the same level of
the training or validation error. However, L-BFGS uses larger mini-batch sizes, which results in lowered
computation cost per epoch. When the mini-batch size option is not specified, L-BFGS uses the entire epoch to
compute the loss error and gradients.

Each step of L-BFGS attempts to approximate what the corresponding step of BFGS would do. Compared to
BFGS, L-BFGS requires less memory and time for a single iteration. It can converge faster than BFGS because
it can perform much more iterations within a given time span. However, compared to SGD, L-BFGS is more
computational expensive and requires more memory, because it needs to approximate the Hessian matrix and
stores search more search information.

L-BFGS Advantages

As an alternative to SGD optimizer, L-BFGS has its own advantages as follows:
L-BFGS usually does not require extensive hyperparameter tuning.
With the assistance of a linear search procedure, L-BFGS is usually more stable than SGD.
L-BFGS can be naturally parallelized by computing the gradients in parallel.

L-BFGS can handle large batch sizes well.

L-BFGS Implementation
The L-BFGS in SAS Deep Learning actions are implemented as follows:

The L-BFGS line search method uses a new technique that uses log-linear convergence rates, which
significantly reduces the average number of line search iterations.

An improved line search strategy enables L-BFGS to make progress in bumpy regions.
The mini-batch version of the current L-BFGS implementation is experimental.

The L-BFGS implementation does not yet support GPU computing.
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Hyperparameter Tuning

Overview

In machine learning, the optimization methods used to train models sometimes require you to choose parameter
values that affect the performance of the optimizer. The parameters that you choose have an impact on the
performance of the optimizer. That impact might be problem-specific. Hyperparameter tuning is a process that
chooses the parameters for an optimization algorithm so that performance on a particular problem instance is
improved. SAS Deep Learning tools support methods to automate the hyperparameter tuning process. We call
this process autotuning. SAS Viya 3.3 and the SAS Deep Learning actions support autotuning of the
hyperparameters for stochastic gradient descent (SGD).

The autotuning approach requires several steps:

1 Determine which hyperparameters you want to tune.

2 Determine reasonable ranges for the hyperparameter values.

3 Choose how many hyperparameter values you want to evaluate.
4 Assess the quality of the chosen hyperparameter values.

You must determine which hyperparameters you want to tune, and reasonable range values for those
parameters before you can take advantage of the autotuning process. SAS uses internal derivative-free black
box optimization algorithms that exploit rank and selection to choose the hyperparameters that you want to
evaluate. For machine learning problems that use stochastic based optimization methods (SGD and variants),
you can continue training using the tuned hyperparameters until the training process is complete. The quality of
the model fit (usually expressed in terms of misclassification rate or error rate) is used for determining
hyperparameter values.

The hyperparameter tuning process begins by choosing a number of hyperparameter sets in the ranges
specified. Each hyperparameter set is trained for a small number of epochs, and bad performing
hyperparameter sets are dropped from consideration. The remaining parameter sets are evaluated further until a
specified number of tuning iterations is completed or until only a single hyperparameter set remains. By dropping
bad performing hyperparameter sets quickly, good performing hyperparameter sets can be identified with less
computational effort.

There are three options that drive the dITune action. The maximum number of tuning iterations is specified by
tunelters. The proportion of hyperparameter sets retained between tuning iterations is denoted by the
tuneRetention option (which must be between 0 and 1). Finally, the number of hyperparameter sets to evaluate
is determined by the nParmSets option. Note that for each hyperparameter set evaluated, a copy of the model
weights must be stored. For very large models, this might restrict the number of hyperparameter sets that can be
evaluated.

During a tuning iteration, each remaining hyperparameter set is used to train a copy of the model weights for a
small number of epochs. The maxliters (or maxEpochs) option controls the number of training epochs each
hyperparameter set receives during one tuning iteration.

There are many tunable hyperparameters. To make it easy to choose hyperparameters to tune, the grammar for
the dITune action mimics the grammar for the dITrain action. To add a hyperparameter to the list of tuned
hyperparameters, just specify a lowerBound and upperBound instead of providing a value. For floating-point
hyperparameter options, you may also specify the use of a logarithmic scale. A logarithmic scale is particularly
useful for the learningRate parameter.

A complete list of tunable parameters follows:
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Note: Not all parameters are applicable to all optimization methods.
learningRate
momentum
gamma
power
reglL1
regL2
dropout
alpha
damping
beta1
beta2
gradientNoise
miniBatchSize
stepSize

syncFreq
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Training Neural Networks

Training neural networks is a complex and challenging process, especially when the neural networks have many
hidden layers, and each layer can have a large number of neurons. Deep neural networks and convolution
neural networks are typical examples of networks that have multiple hidden layers. The following tips can help
you train deep neural networks and convolution neural networks more efficiently.

Flat loss (where the loss curve is flat and the loss cannot be improved) is very common when training deep
neural networks. If you are experiencing significant flat loss, either the input data needs to be normalized, the
weights need to be initialized more carefully, or some optimization parameters need to be tuned.

The max batch size is the batch size per thread per worker. The actual batch size depends on data
distribution. When data is not distributed evenly, as a result, some threads might not get enough data.

Always randomly shuffle your data. The shuffle action in the table action set is recommended. A small block
size can be applied when generating a new CAS table. Using small block sizes tends to distribute the data
more evenly across threads and workers.

Start with a simple and shallow neural network.
Begin by using a small sample of training data to play with. Make sure you can overfit the small sample first.
Dropout and L2 regularization techniques slow down the convergence speed.

Small learning rate values are not unusual. The learning rate can be very small. 1.E-05 usually is the lower
bound.
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Asynchronous stochastic gradient descent (SGD) algorithms are fast, because they enable a distributed
architecture that is scalable and can use thousands of CPUs. However, it can be hard to train networks well
using asynchronous SGD, even with good training data. You might try switching to synchronous SGD after
you make a few asynchronous SGD runs.

The reported fit error is the averaged results for all mini batches. The true fit error can be computed using
diScore on your training data.

Pay attention to variances between the training error and the validation error. When the variance is large,
there is a good chance that you over-fit the training data, or that your model is not generalized well. Try
adding more layers or units into your model to see whether the difference between training error and
validation error decreases.

The SAS Deep Learning research and development team conducted tests using the CIFAR-10 and
CIFAR-100 datasets, and observed that the exponential linear unit (ELU) activation function converged much
faster than the rectified linear unit (ReLu) activation function.

Nikolas Markou is an experienced machine learning practitioner and technical blogger. His Envision blog
provides a very good list of Deep Learning Tips and Tricks.

Slav lvanov publishes a machine learning blog and offers 37 Reasons why your Neural Network is not
working.

Andrew Ng provides a useful chart correlating error rates and building deep learning applications:

The Nuts and Bolts of Building Applications
Using Deep Learning

= Bigger Model
Training Error High —— Train Longer
1—- - New Model Architecture
' More Data
Train-Dev Error High * Regularization
l Mew Model Architeclure

: More Data Similar to Test
Dev Error High  [——— Synthesis
1 : New Model Architecture

Test Error High [ Get More Dev Data

|

Daone

The following diagram shows the relationship between learning rate and loss:


https://www.cs.toronto.edu/~kriz/cifar.html
https://www.cs.toronto.edu/~kriz/cifar.html
https://nmarkou.blogspot.com.cy/2017/02/the-black-magic-of-deep-learning-tips.html
https://blog.slavv.com/37-reasons-why-your-neural-network-is-not-working-4020854bd607
https://blog.slavv.com/37-reasons-why-your-neural-network-is-not-working-4020854bd607
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loss

low learning rate

high learning rate

good learning rate

Computational Considerations

The largest bottleneck to be aware of when constructing CNN architectures is the memory bottleneck. For
instance, many GPUs have a limit of 6 or 12GB memory, with the best GPUs having about 12GB of memory.
There are three major sources of memory consumption to keep track of:

Watch your intermediate volume sizes. These are the raw number of activations (and gradients, of equal
size) at every layer of the CNN. Normally, most of the activations are on the early layers of a CNN. The
intermediate volumes are retained by the software because they are needed for back-propagation.

Watch your parameter sizes: These are the numbers that hold the network parameters, their gradients during
back-propagation, and commonly also a step cache in some optimization cases. Therefore, the memory to
store the parameter vector alone must usually be multiplied by a factor of at least 3 or so.

You must also watch your CNN model and how it uses miscellaneous memory, used for items such as image
data batches, augmented versions, and so on.

After you have a rough estimate of the total number of values (for activations, gradients, and miscellaneous
memory) in your CNN, the number should be converted to size in GB. Take the number of values, multiply by 4
to get the raw number of bytes (since every floating point is 4 bytes, or maybe by 8 for double precision), and
then divide by 1024 multiple times to get the amount of memory in KB, MB, and finally GB. If your network does
not fit, a common heuristic to “make it fit” is to decrease the batch size, since most of the memory is usually
consumed by the activations.

Note: SAS Deep Learning actions internally use float to represent the model parameters, although they are
stored as double precision in the CAS table.

Here are some computational considerations to remember when constructing RNN architectures using the SAS
Deep Learning tools:

SAS Deep Learning RNNs use all CPUs (or the number of threads specified) for both training and inference.
Ideally, when data is evenly distributed and all sequences have the same length, RNN should be able to fully
use all CPU resources. However, when sequences have variable lengths, the longest sequence in the mini-
batch becomes the computational bottleneck. Padding does not count in sequence length because padding
is discarded in RNN computations.

The longest sequence becomes the bottleneck because there is sequential dependency during recurrent
computation. Outliers that are much longer than other sequences can significantly slow down RNN tasks,
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particularly training. It is recommended that you discard extremely long sequences if they are relatively rare,
and strive to keep sequence lengths as close as possible.

In addition to sequence length, other factors that decide computational cost with RNNs include token size
(number of features per step/token), the number of neurons per layer, number of layers, and output
vocabulary size (if applicable). Larger token size, larger number of neurons per layer, larger number of layers
and larger output vocabulary size lead to more memory consumption and more CPU time usage. In
particular, you should pay close attention to the output vocabulary size in text generation tasks. Output
vocabulary size is the dominant factor for RNN memory consumption. A large output vocabulary can easily
lead to out-of-memory errors and potentially cause the session to be killed.

Although RNN computation can make full use of specified number of CPUs, it does not necessarily mean
that users should always use maximum number of CPUs available. Using more CPUs usually leads to larger
mini-batch size, and too large a mini-batch size can have a negative impact on convergence speed during
training. Training time per epoch might be shorter with more CPUs, but if the mini-batch size is too large, the
number of epochs needed to get a good model tends to increase. Model architects need consider the trade-
off between number of CPUs, mini-batch size, and the required number of epochs for a good model.

RNN architects can compensate by decreasing the mini-batch size per thread while increasing number of
threads. However, you should remember that RNN computations are optimized in a manner that is more
efficient when mini-batch size per thread is larger, up to a point. Eventually, the efficiency gain plateaus.

Memory consumption by RNN computation increases linearly when the number of threads specified
increases. So if you have a lot of CPUs, but limited memory, it is recommended that you not use all of your
CPUs, in order to avoid running out of memory.

Ordering Model Weights

If you use other software to create a deep learning model that you want to import for use with SAS Deep
Learning actions, this section provides information about creating a model weight table. The model weight table
is a matrix that describes the layers and weights that are used in a deep learning network. You can import these
weights to perform training (using the diTrain action) or to perform scoring (using the dIScore action).

Model Weights Table

The SAS deep learning actions save and read weights from a weight table. It is laid out as follows:

_LayerID_
A unique integer value to represent the layer number, which starts with 1. (The input layer is layer 0, but the
input layer never has weights.)

_WeightID_
An integer value to represent the weight assigned to a layer, which starts with 0 for each layer.

_Weight_
Contains a single precision weight value. Only the first seven digits of the weight value are considered to be
significant.

The following sections discuss how the weights associated with different types of layers are stored in the model.

Fully Connected Layer Weights

For a fully connected layer, the weights are laid out as follows:

1 Weight from first input to first neuron, weight from first input to second neuron, weight from first input to third
neuron, and so on...

2 Weight from first input to last neuron, weight from second input to first neuron, weight from second input to
second neuron, and so on...
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3 Weight from second input to last neuron, weight from first input to first neuron, weight from last input to
second neuron, and so on...

4 Weight from last input to last neuron, bias for first neuron, bias for second neuron, and so on... to bias for the
last neuron.

5 |If the setting for noBias=true, there are no bias weights.

Convolution Layer Weights

For a convolution layer, the weights are laid out as follows:

1 Weights for the first feature map, weights for the second feature map, weights for the third feature map... and
SO on.

2 Weights for the last feature map, bias for the first feature map, bias for the second feature map, bias for the
third feature map ... and so on.

3 Weights for the last feature map, bias for the first feature map, bias for the second feature map, bias for the
third feature map ... and so on.

4 |f the setting for noBias=true, there are no bias weights.

Batch Normalization Layer Weights
For a batch normalization layer, the weights are laid out as follows:

If the source input to the batch normalization layer is structured as feature maps (such as the output of a
convolution layer), there is one pair of gamma and beta bias weights for each feature map of the source layer.

If the source input to the batch normalization layer is not structured as feature maps (such as the output of a fully
connected layer), there is one pair of gamma and beta bias weights for each neuron in the source layer.

Pooling Layer Weights

The pooling layer has no weights.

Residual Layer Weights

The residual layer has no weights.

Output Layer Weights

For an output layer, the weights are laid out in the same manner as the Fully Connected Layer Weights on
page 27.

Recurrent Layer Weights

All weights and biases of the same recurrent layer have the same layer ID in the weight table. A bidirectional
recurrent layer is implemented by adding two separate unidirectional recurrent layers, so the weights and biases
of a bidirectional recurrent layer is stored in two separate unidirectional recurrent layers.
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Caffe is a deep learning framework created by Yangqing Jia while studying for his Ph.D at the University of
California, Berkeley. The Berkeley Artificial Intelligence Research (BAIR) Lab continues to develop Caffe along

with the help of the open-source community.
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The Caffe framework is a BSD-licensed C++ library used to train and deploy deep learning models on general-
purpose or custom hardware architectures. Plaintext schemas define deep learning models while simple text
files control model optimization. Caffe provides a command-line interface, but exposes both Python and Matlab
interfaces as well.

Components of a Caffe Model
A Caffe model consists of at least three files:

Deep learning network file: The network file defines the deep learning architecture along with key
architecture parameters. This file has a .prototxt extension and is required to train or deploy a model.

Solver definition file: The solver file coordinates model optimization. This file has an extension
of .prototxt and is required for training a model.

Model parameter file: The model parameter file stores model parameter settings that were determined
during the training process. Model parameter files have .caf femodel extensions if in BINARYPROTO
format, or .caffemodel . h5 extensions if in HDF5 format.

Where Can | Go for More Information?

Online resources are available through the University of California, Berkeley and the Berkeley Atrtificial
Intelligence Labs to help understand basic components of Caffe and Caffe models, as well as a basic approach
to the following:

The following overview and general tour of Caffe is provided by BAIR and UC-Berkeley: Caffe Tutorial. The
practical guide presents the Caffe principles, as well as documenting the following Caffe topics:

Nets, Layers, and Blobs: the anatomy of a Caffe model.

Forward / Backward: the essential computations of layered compositional models.
Loss: the task to be learned is defined by the loss.

Solver: the solver coordinates model optimization.

Layer Catalogue: the layer is the fundamental unit of modeling and computation. Caffe’s catalogue
includes layers for state-of-the-art models.

Interfaces: command line, Python, and MATLAB Caffe.
Data: how to structure data for model input.

This Caffe tutorial by Evan Shelhamer, Jeff Donahue, and Jon Long provides an introduction to deep learning
and convolutional networks, and also performs a hands-on overview of the Caffe framework. DIY Deep
Learning for Vision: A Full-Day Caffe Tutorial

See Caffe models in action! Interact with the Caffe Web Image Classification Demo.

The Caffe demo operates as follows: From the linked classification model demo site on your browser, use the
link space to provide the URL of an image on the web, or upload a locally saved image file to the Caffe demo
library for classification. Easy screen controls are provided.

For example, this is how the image gatorsbadgersncaa. jpg, from Sports lllustrated’s SEC Season in
Review (2017) is analyzed by the Caffe Web Image Classification demo:


http://caffe.berkeleyvision.org/tutorial/
https://docs.google.com/presentation/d/1HxGdeq8MPktHaPb-rlmYYQ723iWzq9ur6Gjo71YiG0Y/edit#slide=id.gc2fcdcce7_216_0
https://docs.google.com/presentation/d/1HxGdeq8MPktHaPb-rlmYYQ723iWzq9ur6Gjo71YiG0Y/edit#slide=id.gc2fcdcce7_216_0
http://demo.caffe.berkeleyvision.org/
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Classilication

CNN took 0.080 saconds.

References

Caffe Tutorial, Berkeley Artificial Intelligence Research Lab, University of California, Berkeley.

Obtain and Configure Caffe Environment

Preparation

Before you can use Caffe models, you need to install and build your own Caffe environment. Go to this GitHub
page and select the green Clone or Download button to secure the required software installer.

When you clone or download Caffe, this documentation refers to the initial directory that you use as the
$CAFFE_ ROOT directory. SCAFFE_ROOT is a representative placeholder for name of the file directory that you
choose as the root for your Caffe installation. It's a good idea to make a note about the location of your Caffe
root directory when you create it, because you will need to reference it again.

Prerequisites
Caffe has several dependencies:

CUDA is required for GPU mode. CUDA is a parallel computing platform and programming model invented
by NVIDIA. It enables dramatic increases in computing performance by harnessing the power of the graphics
processing unit (GPU).

Basic Linear Algebra Subprograms, called BLAS, is required. You can obtain a BLAS library via ATLAS, or
Intel’s Math Kernel Library MKL, or from the optimized BLAS library OpenBLAS .

Portable C++ source libraries from Boost.org, where the Boost library is version 1.55 or later. Boost offers
version 1.65 of the source library here.

The following are optional dependencies that you might encounter:

If you use OpenCV, you will need the Open-Source Computer Vision Library. OpenCV is released under a
BSD license, which supports its free use for academic and commercial use. OpenCV has C++, C, Python,
and Java interface, and supports Windows, Linux, Mac OS, iOS, and Android. You should use a version of
OpenCYV later than OpenCV 2.4. You can download OpenCV 3.3 here.

You might need one of the LMDB or LevelDB I/O libraries. LMDB is a Lightning Memory-Mapped Database
library, and LevelDB is a fast key-value storage library that provides ordered mappings from string keys to
string values.

Note: LevelDB requires Snappy. Snappy is a compression/decompression library. You can find more
information about Snappy here.


http://caffe.berkeleyvision.org/tutorial/
https://github.com/BVLC/caffe
https://github.com/BVLC/caffe
https://developer.nvidia.com/cuda-zone
https://en.wikipedia.org/wiki/Basic_Linear_Algebra_Subprograms
http://math-atlas.sourceforge.net/
https://software.intel.com/en-us/mkl-developer-reference-c-blas-and-sparse-blas-routines
http://www.openblas.net/
http://www.boost.org/
http://www.boost.org/users/history/version_1_65_1.html
https://opencv.org/
https://opencv.org/opencv-3-3.html
https://github.com/LMDB/lmdb
https://github.com/google/leveldb
https://google.github.io/snappy/
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For GPU acceleration, you might need the NVIDIA CUDA Deep Neural Network library CuDNN, version 6 or
later. To speed up your Caffe models, install cuDNN, then uncomment the USE_CUDNN := 1 flagin
Makefile.config when installing Caffe. Acceleration is automatic. NVIDIA's cuDNN is available from
NVIDIA's Accelerated Computing website here

If you do not plan on using GPU acceleration, using CPU only, uncomment the CPU_ONLY := 1 flagin
Makefile.config to configure and build Caffe without CUDA. This is helpful for cloud or cluster
deployment.

If you are using Python Caffe, you might need Python 2.7 or Python 3.3+. You can download from Python
here. You might also need NumPy version 2.7 or later. Latest versions of NumPy are available here.

Install and Configure Your Caffe Environment
After your clone downloads, you need to install your Caffe environment.

Follow the step-by-step instructions on Berkeley’s Caffe installation page to install the environment on your
operating system. BAIR recommends you read the installation guide thoroughly before beginning, and note the
details that are particular to your platform. BAIR supports Caffe on Ubuntu 16.04-12.04, OS X 10.11-10.8, and
through Docker and AWS.

To prepare your Caffe model files for use with some compilers, you might need to edit your Makefile.config
file. The CXXFLAGS parameter in Makefile.config is defined as CXXFLAGS += -MMD -MP. It might be
necessary to change the CXXFLAGS parameter definition to CXXFLAGS += -MMD -MP -std=c++11.

Obtain HDF5 Conversion Tool Code

Caffe model parameter files are saved in one of two file formats. The first format, called BINARYPROTO, is a
binary serialization of the Google protocol buffer format. The BINARYPROTO format has a . caffemodel file
extension. The second format is called HDF5. HDF5 is a file format designed for storing and managing data.
The HDF5 format has a . caffemodel . hs file extension.

If your model parameter file is in BINARYPROTO format, you must convert your model parameter file to HDF5
format before you can import it for use with the SAS Deep Learning tools. You use the convertToHdf5
executable conversion tool to convert your Caffe model parameter files from BINARYPROTO to HDF5 format.
The HDF5 model parameter files can then be imported to populate a deep neural network.

Obtain the conversion tool source code, convertToHAf5 . cpp. The zipped convertToHdf5 conversion tool is
available from the SAS support page for Deep Learning Models and Utilities.

Download and expand the ZIP file, and then copy the file convertToHdf5 . cpp to the corresponding path on
your platform: $CAFFE_ROOT/tools/.

Note:

$CAFFE ROOT represents the file directory that is the root for your Caffe installation, as discussed in Preparation
on page 31.

Compile Caffe

When you download or update Caffe, you must compile Caffe before use. Caffe can be compiled with either
Gnu’s Make or the open-source CMake. Gnu’s Make is officially supported, while CMake is supported by the
community.

If you want to compile with Gnu’s Make, you can configure the build by copying and modifying the example
Makefile.config for your setup. The defaults should work, but you should uncomment the relevant lines if
you are using Anaconda Python. If desired, you can run make distribute to create a distribute directory


https://developer.nvidia.com/cudnn
https://developer.nvidia.com/rdp/cudnn-archive
https://www.python.org/downloads/
http://www.numpy.org/
https://www.scipy.org/scipylib/download.html
http://caffe.berkeleyvision.org/installation.html
http://support.sas.com/documentation/prod-p/vdmml/zip/caffe_model_conversion.zip
https://support.sas.com/documentation/prod-p/vdmml/zip/
https://www.gnu.org/software/make/
https://cmake.org/
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that will have all the Caffe headers, compiled libraries, binaries, and so on, that are needed for distribution to
other machines.

cp Makefile.config.example Makefile.config

# Adjust Makefile.config (for example, if using Anaconda Python, or if cuDNN is desired)
make all

make test

make runtest

For GPU accelerated Caffe, no changes are needed.

For cuDNN acceleration using NVIDIA's proprietary cuDNN software, uncomment the USE_CUDNN := 1
switch in Makefile.config. cuDNN is sometimes but not always faster than Caffe’s GPU acceleration.

For CPU-only Caffe, uncomment CPU_ONLY := 1 inMakefile.config.

Other users prefer to compile Caffe using CMake. In lieu of manually editing Makefile.config to configure
the build, Caffe offers an unofficial CMake build, thanks to members of the Caffe community. It requires CMake
version 2.8.7 or later. The basic steps are as follows:

mkdir build
cd build
cmake ..
make all
make install
make runtest

For more options and details about CMake scripts, see GitHub: Improved CMake Scripts #1667.

References

“Installing Caffe”, Berkeley Artificial Intelligence Research Lab, University of California, Berkeley, http://
caffe.berkeleyvision.org/installation.html

Atlas open-source charts and map utility, by Sourceforge. http://atlas.sourceforge.net/
NVIDIA CUDA DNN deep neural networking library, NVIDIA Corporation. https://developer.nvidia.com/cudnn

CUDA and NVIDIA GeForce Technology, NVIDIA Corporation, https://www.geforce.com/hardware/
technology/cuda

Math Kernel Library and Basic Linear Algebra Systems, Intel Corporation, https://software.intel.com/en-
us/mkl/documentation/get-started

Intel OpenBLAS, Intel Corporation. https://software.intel.com/en-us/mkl-developer-reference-c-blas-and-
sparse-blas-routines

C++ libraries from Boost.org. http://www.boost.org/

Python Caffe, https://www.python.org/downloads/

Download a Deep Learning Model

Now you can download a Caffe model. The Caffe Model Zoo is an excellent starting point and provides links to
models for a variety of applications. On the Caffe Model Zoo Wiki page, navigate to the Table of Contents, and
then click on any of the supplied model links. This takes you to a section devoted to that particular model. From
that section, you will be able to download model files. Typically, these models are in BINARYPROTO format, and
must be converted to HDF5 format before use with SAS Deep Learning actions. You can also obtain pre-
converted models from the SAS Institute support site page for Visual Data Mining and Machine Learning.


https://github.com/BVLC/caffe/pull/1667
https://github.com/BVLC/caffe/wiki/Model-Zoo
https://github.com/BVLC/caffe/wiki/Model-Zoo
http://support.sas.com/documentation/prod-p/vdmml/
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Downloaded deep learning models are subject to usage conditions that are established by the respective
authors. Please pay attention to requirements for citation and license for any downloaded model.

Caffe Model Zoo

To facilitate the sharing of models, the Caffe Model Zoo uses the model zoo framework. This framework provides
the following:

a standard format for packaging model information.

tools to upload and download model information from GitHub gists, and to download . caffemodel or
caffemodel . h5 binaries. GitHub Gists are a great way to share your work. You can share single files or full
applications using gists. Every gist is a Git repository, which means that it can be forked or cloned.

a central Wiki page for sharing model info Gists.

SAS Support Site

You can obtain Caffe models converted for use with SAS Deep Learning actions from the SAS Institute support
site for Deep Learning Models and Tools.

This support page contains deep learning models, tools, and examples. The Deep Learning Models section
contains popular convolutional neural models that have been converted for use with SAS Deep Learning
actions. The Deep Learning Examples section contains support files for two narrated Caffe model examples.
The Deep Learning Utilities section contains handy tools, such as the conversion utility for use with SAS Deep
Learning actions, as well as a library of SAS and Python code snippets and function definitions that can be used
to simplify the definition of SAS Deep Learning models.

The converted models that are provided are popular convolutional neural networks used to perform image
classification. The collection of converted models will grow over time to encompass other application domains.

Convert Downloaded Model from BINARYPROTO
Format to HDF5 Format

If you download a model in BINARYPROTO format, it must be converted to HDF5 format for use with SAS Deep
Learning actions. Models downloaded in HDF5 format may be used without modification by the SAS Deep
Learning actions.

HDF5 Model Conversion Tool

You use the HDF5 conversion tool to change your Caffe model parameter files from BINARYPROTO format to
HDF5 format. The HDF5 conversion tool is an executable Linux command-line program called convertToHdf5.

The HDF5 conversion tool is distributed as an uncompiled C++ file named convertToHdf5 . cpp. You can
download the uncompiled source code for the HDF5 model conversion tool from the SAS support site for Deep
Learning Models and Tools.

The convertToHdf5 executable file is generated when you add the C++ source code file
convertToHdf5. cpp to your local Caffe environment, and then use your favorite C++ tools to compile the
Caffe environment.

The following section discusses how to invoke the compiled HDF5 conversion program.


https://github.com/BVLC/caffe/wiki/Model-Zoo
https://github.com/BVLC/caffe/wiki/Model-Zoo
https://support.sas.com/documentation/prod-p/vdmml/zip/
https://support.sas.com/documentation/prod-p/vdmml/zip/caffe_model_conversion.zip
https://support.sas.com/documentation/prod-p/vdmml/zip/
https://support.sas.com/documentation/prod-p/vdmml/zip/
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Type 1 and Type 2 HDF5 Format Conversions

You can run the HDF5 conversion program in two ways: type 1 and type 2 conversions. The difference between
the two is that a type 1 conversion does not need a mapping file, but a type 2 conversion does. A layer mapping
file is required when importing a Caffe model that uses a batch normalization layer followed by a scaling layer,
due to implementation differences between the SAS Deep Learning actions and Caffe. For such a model, the
SAS naming convention is that the scale layer must be a single-name concatenation of <batch-normalization-
layer-name> and <_scale>. The mapping file allows the conversion program to rename the necessary layers to
conform to the SAS naming convention while writing the HDF5 format model parameter file.

The simplest conversion is a Type 1 conversion. The Type 1 invocation syntax is as follows:

convertToHdf5<Caffe-network-definition-file.prototxt><Caffe-model-paremeter-
file.caffemodel><name-for-HDF5—converted-Caffe-model.caffemodel .h5>.

Here is an example of a Type 1 convertToHdf5 invocation:

convertToHdf5 VGG ILSVRC 16 layers.prototxt VGG ILSVRC 16 layers.caffemodel
VGG_ILSVRC_16_ layers.caffemodel.h5, where

VGG_ILSVRC_16_layers.prototxt
is the network definition file for a VGG-16 model. VGG-16 is one of the CNN architectures used by the VGG
team in the ILSVRC-2014 competition. Details about the network architecture can be found in the white
paper by Karen Simonyan and Andrew Zisserman on Very Deep Convolutional Networks for Large-Scale
Image Recognition.

VGG_ILSVRC_16_layers.caffemodel
is the VGG-16 model parameter file in BINARYPROTO format.

VGG_ILSVRC_16_layers.caffemodel.h5
is the desired output name for your converted VGG-16 model parameter file in HDF5 format.

Type 2 conversions require you to specify an extra input parameter: the required layer mapping file. The type 2
invocation syntax is as follows:

convertToHdf5 <Caffe-network-definition-file.prototxts<layer-mapping-
file.txt><Caffe-model-paremeter-file.caffemodel><name-for-HDF5—converted-Caffe-
model .caffemodel.h5>.

Here is an example that shows a Type 2 invocation of convertToHdf5 to convert a ResNet-50 Caffe model
from BINARYPROTO format to HDF5 format.

convertToHdf5 ResNet-50-deploy.prototxt ResNet-50-mapping.txt ResNet-50-
model.caffemodel ResNet-50-model.caffemodel.hs, where

ResNet-50-deploy.prototxt
is the Caffe network definition file for ResNet-50. ResNet-50 is one of the CNN architectures developed by a
team from Microsoft that won the ImageNet Large Scale Visual Recognition Competition (ILSRVC) in 2015.

ResNet-50-mapping.txt
is the text file that you use to provide the original ResNet-50 layers with new names. Each line of the
ResNet-50-mapping. txt file should have the form of original _layer name new_layer name, where the
value for original_layer_name is taken from a layer defined in ResNet-50-deploy.prototxt, and the
new_layer_name is the corresponding new layer name that you supply.

ResNet-50-model.caffemodel
is the name of the ResNet-50 model parameter file in BINARYPROTO format.

ResNet-50-model.caffemodel.h5
is the name for the output ResNet-50 model parameter file that is converted to HDF5 format.


https://arxiv.org/abs/1409.1556
https://arxiv.org/abs/1409.1556
https://github.com/fchollet/keras/blob/master/keras/applications/resnet50.py
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Import Model into SAS Deep Learning

Order of Operations

The final step is to import your Caffe model for use with SAS Deep Learning actions.

Here is an outline of the process. In this outline, we use the batch normalization version of a LeNet model as an

example.

1 Download the archive of your model files. For illustration purposes, download convert_lenet_example.zip
from the Deep Learning Models and Tools page on the SAS support site. When expanded, you find the
following files:

network definition file lenet train test bn.prototxt

mapping file lenet mapping.txt

model parameter file 1enet .caffemodel
2 Examine the network definition file lenet train test bn.prototxt, and notice the mappings that are
defined in the mapping file lenet mapping.txt. Recall the convention used when importing a Caffe model
for use with SAS: the scale layer must be a single-name concatenation of <batch-normalization-layer-name>
and <_scale>. For example, if the batch normalization layer was called batch norm, then the naming
convention requires the scale layer to be called batch norm scale.

Note: Since models from the Caffe Model Zoo are not expected to follow the naming conventions that are
required to import the models into SAS, you are responsible for providing a mapping file that meets the SAS
layer name requirements.

3 Convert the Caffe model into HDF5 format, using the type 2 on page 35 invocation of the convertToHAf5
executable. For information about obtaining the convertToHdf5 executable, see HDF5 Model Conversion
Tool on page 34.

4 Define a SAS Viya LeNet deep learning model. If you are using a Python client, you could write a Python
function to define the LeNet model that resembles the following:

# LeNet model definition (batch normalization version)
def LeNet Model (s):

instantiate model

.buildModel (model=dict (name='LeNet', replace=True), type='CNN')

add input layer mnist

.addLayer (model="'LeNet', name='mnist',

layer=dict ( type='input', nchannels=1, width=28, height=28,
scale=0.00392156862745098039))

add convolution layer: 5*5%20

s.addLayer (model="'LeNet', name='convl',

layer=dict ( type='convolution', nFilters=20, width=5, height=5,
stride=1, act='identity', noBias=True, init='xavier'),

srclayers=['mnist'])

add batch normalization layer convl bn:

s.addLayer (model="'LeNet', name='convl bn',

layer=dict ( type='batchnorm', act='relu'), srcLayers=['convl'])


https://support.sas.com/documentation/prod-p/vdmml/zip/convert_lenet_example.zip
https://support.sas.com/documentation/prod-p/vdmml/zip/
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# add pooling layer pooll 2*2%*2

s.addLayer (model="'LeNet', name='pooll!',
layer=dict (type="'pooling',width=2, height=2, stride=2, pool='max'),
srcLayers=['convl bn'])

# add convolution layer conv2: 5*5%5(Q
s.addLayer (model="'LeNet', name='conv2',
layer=dict ( type='convolution', nFilters=50, width=5, height=5,
stride=1, act='identity', noBias=True, init='xavier'),
srcLayers=['pooll'])

# add batch normalization layer conv2_bn
s.addLayer (model="'LeNet', name='conv2 bn',
layer=dict ( type='batchnorm', act='relu'), srclLayers=['conv2'])

# add pooling layer pool2 2*2%*2

s.addLayer (model="'LeNet', name='pool2!',
layer=dict (type="'pooling',width=2, height=2, stride=2, pool='max'),
srcLayers=['conv2 bn'])

# add fully connected layer ipl

s.addLayer (model="'LeNet', name='ipl',
layer=dict (type="'fullconnect',n=500, init='xavier',6 act='relu'),
srcLayers=['pool2'])

# add output layer ip2
s.addLayer (model="'LeNet', name='ip2',
layer=dict (type='output',n=10, init='xavier',6 act='softmax'),
srcLayers=['ipl'])
5 Import the model parameters using the DIimportModelWeights action from SAS Viya. An example action
invocation using Python resembles the following:

# import model weights
s.dlimportmodelweights (model="'LeNet"',
modelWeights={"name": "tkdlImportedWeights",
"replace":True},
formatType="CAFFE",
weightFilePath=fullyQualifiedModelPath)
6 Your trained model is now imported for use with the SAS Deep Learning actions.

For an example of using a converted model, see Classifying ImageNet Data with an Imported Caffe Model on
page 37 in the following section.

Classifying ImageNet Data with an Imported
Caffe Model

Prerequisites for this Exercise

This exercise provides an example of importing a Caffe model and evaluating the performance of the model on a
subset of the ImageNet 2012 data. To utilize the code presented in this example, you must first do the following:

Create a directory named $IMAGENET_EXAMPLE in your local computing environment. This directory is for
your ImageNet example files.
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Download the archived model definition file library models.zip from the Deep Learning Model Tools and
Utilities page on the SAS support web site, and unpack the file contents to your directory
$IMAGENET_EXAMPLE.

Download the sample program imagenet_example.zip from the Deep Learning Model Tools and Utilities page
on the SAS support web site, and unpack the file contents to $IMAGENET EXAMPLE. The file contents
include a README text file, a shell script (.sh) to make a file list, as well as example SAS and Jupyter
notebook code files.

Create a directory named $MODEL_ROOT in your local computing environment. This directory is for your
converted Caffe model parameter files.

Download the archived converted model parameter file that you want to evaluate from the model parameter
file directory on the SAS support web site. For this example, we will use the VGG-16 model, so you would
download vgg16.zip and unpack the contents to your SMODEL_ROOT directory.

Using your site’s SAS Viya software, start a SAS CAS session. Take note of the port number associated with
your CAS server connection, because you will use it later in some of your code.

Download Image URLs for Input Data

First, we download the URLs for images representing the class “ladybug” from ImageNet. ImageNet is an

ongoing research effort by the Stanford Vision Lab to provide researchers around the world an easily accessible

image database. The image database is organized according to the WordNet hierarchy, in which each node of

the hierarchy is depicted by hundreds and thousands of images.

1 Choose one of the image classes included in the ImageNet classification challenge. This example uses the
ladybug class. You can find Imagenet’s 2012 synsets for object classification here:

http://image-net.org/challenges/LSVRC/2012/browse-synsets.

Note: You can perform this example using a different image class of your own choice, but the reference
calculations displayed in the final example step are values for the ladybug image class. If you use a different
image class, the image misclassification rates that you compute will not match the misclassification rates
shown for the ladybug image class in this example.

2 Go to the ImageNet URL download page and type 1adybug in the Search box.

3 Your search should return two hits.

Your query "ladybug” matches 2 synsets. Rankby  Poputarity

Synset: | 1 Adaha bipunctats

h a black spot on each wing

4 Click the link that reads Synset: ladybug, ladybeetle, lady beetle, ladybird, ladybird beetle

This opens the corresponding synset (image class) page with three tabs: Treemap Visualization, Images of
the Synset, and Downloads.


https://support.sas.com/documentation/prod-p/vdmml/zip/models.zip 
https://support.sas.com/documentation/prod-p/vdmml/zip/
https://support.sas.com/documentation/prod-p/vdmml/zip/
https://support.sas.com/documentation/prod-p/vdmml/zip/imagenet_example.zip
https://support.sas.com/documentation/prod-p/vdmml/zip/
https://support.sas.com/documentation/prod-p/vdmml/zip/vgg16.zip
http://image-net.org/
http://image-net.org/challenges/LSVRC/2012/browse-synsets
http://image-net.org/download-imageurls
http://image-net.org/synset?wnid=n02165456
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Treemap Visualization Images of the Synset Downloads
A | /11 Beetle Ladybug, ladybeetle, lady beetle, ladybird, ladybird beetle
Vedalia Two-spotted
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5 Click the Downloads tab.

Treemap Visualization Images of the Synset Downloads

Download URLs of images in the synset

K.

Download images in the synset
You need to be logged in and have permissions to download the images

Download BoW Features

n BoW Features "hat s this?

Download Bounding Boxes

ﬂ Bounding Boxes What s this?

Click the icon to Download URLs of Images in the synset.

Save Downloaded Image URLs as Text File

After you click the icon to Download URLs of Images in the synset, do the following:
1 Your browser window will populate with a large list of image URLs associated with the synset that resembles
the following:


http://image-net.org/api/text/imagenet.synset.geturls?wnid=n02165456
http://image-net.org/api/text/imagenet.synset.geturls?wnid=n02165456

http://farm4.static.flickr.com/3216/2852957515_7c5baShbe38.ipg
http://farml.static.flickr.com/81/226204171_ec00£0ebSd. ipg
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http://static.flickr.com/2156/2271113608_19440eécde . ipg
http://farml.static.flickr.com/56/141392174_£f8e7eld7d.ipg
http://farm3.static.flickr.com/2034/1566520425_5e28adlbad.jpg

http://farmé.static.flickr.com/3262/2721098336

S5b32ab067¢c.jpg

http://farm3.static.flickr.com/2076/2113057853_689557b846.jpg
http://farmd.static.flickr.com/3092/2836357802_02c531fbb4.py
http://farml.static.flickr.com/178/452315770_e22fcd49b4.ipg
http://farml.static.flickr.com/183/484524450 2badf73ee6.jpg

http://farmd.static.flickr.com/3132/2653947948_2fc62a57412.pg
http://www.sheppardsoftware.com/content/animals/images/invertebrates/beetle ladybug.jpg
http://farml.static.flickr.com/181/422503933_7b52627%fe.pg
http://farmZ.static.flickr.com/1015/536456191_ ebcedccecé.jpg
http://farml.static.flickr.com/81/276432195_db773d9437.ipg
http://farmd.static.flickr.com/3129/2674449009 ea7274e49%.Jpy
http://farml.static.flickr.com/149/436123142_06dd243085.7pg
http://farmZ.static.flickr.com/1293/1170252027_c3adée0505£. py
http://farmd.static.flickr.com/3271/2349705225_3609803b48.Jpg
http://www.uoguelph.ca/pdc/Factsheets/ImagesFactsheets/ladybeetlel. JEG
http://farm4.static.flickr.com/3267/2860119807_%a7blb8886.7pg
http://farm3.static.flickr.com/22684/2458269757_04012d3087.3py
http://farm4.static.flickr.com/3070/2471066367
http://farmd.static.flickr.com/3186/2573278644_db3ch088d%.py
http://farm4.static.flickr.com/3016/2937620942_75d374e967.7pg
http://farml.static.flickr.com/165/361761781_19f8e83461.jpg
http://farm3.static.flickr.com/2246/2440109115_5d%44a180e.pg
http://farmd4.static.flickr.com/3172/28%0529949
http://farm4.static.flickr.com/3244/3120719649_8e23e8fa2%.pg
http://farm3.static.flickr.com/2340/2039061587_71d139e029.3pg
http://farml.static.flickr.com/174/480040475_3d%931céd37.Jpg
http://farm2.static.flickr.com/1087/772159172_8d5eS71del. ipg
http://farml.static.flickr.com/148/435395240 sc6074cdbl.jpg
http://farmd.static.flickr.com/3062/2882584079_d5979£4751.3pg
http://farmé.static.flickr.com/3133/26269%942882_eb5bféd3de.jpy
http://farml.static.flickr.com/218/498002423_86%20d2db3.pg
http://static.flickr.com/178/455355591_d583537766.3pg
http://farm2.static.flickr.com/1402/755596542_6d03853730. ipg
http://farml.static.flickr.com/4/8211562_ad83£3%79d.jpg
http://farmd.static.flickr.com/3162/2638247599_22d1cbb25b.ipg
http://farml.static.flickr.com/117/27641%428_af83116323.3pg
htto://farm tatic,.flickr.com/1044/811797481 0ae8433d3b.ing

b8544132£6.9pg

964800cflc. jpy

Select and copy the contents of the URL list in your browser window.

2 Open the text editor of your choice, paste in the list of URLs you copied from Imagenet, and save the file in

text format: ladybug files.txt.

Create a Directory to Hold Images

1

Next, you need a file structure that can hold your downloaded images and model files. Call this directory
$IMAGE ROOT/ladybug, where IMAGE_ROOT is an environmental variable that represents the base path
for your images directory.

Copy ladybug_files.txt to SIMAGE ROOT.

Navigate to SIMAGENET EXAMPLE and run the shell script make file list.sh that you previously
unpacked. Use the following syntax:

./make file list.sh SIMAGE ROOT ladybug files.txt ladybug

The make file list.sh script downloads the images that correspond to the links in your URL list. Broken
or defective URLs on the list are ignored.

Note: The download process may take some time, as there are approximately 2000 images in the ladybug
synset. After the shell script filters out the broken and defective image links, you will obtain more than 1500
images.

Open, Modify, and Run ImageNet Model in Jupyter
Notebook

1

Start your Jupyter notebook from the SIMAGENET_EXAMPLE directory. If you need information about how
to download and start a Jupyter notebook, Unidata provides a useful online guide: How to Start and Run a
Jupyter Notebook.

Locate the file score imagenet example.jpynb, and open it. You need to define model variables by
editing the Jupyter notebook cell that contains the comment # define variables used to control
test. Modify the variables according to your deployment scenario. The examples below show formatted
code, but you will need to provide the parameters for your site, such as server name, port number, image
and model file paths, and so on.


https://unidata.github.io/online-python-training/notebook.html
https://unidata.github.io/online-python-training/notebook.html
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Here is a list of the variables you need to define in the # define variables. .. cell before you can run
the notebook, and the type of information that you need to supply for each variable:

casHost
“<your-server-name>" Example: casHost = “dlserver001l.unx.mycompany.com”

casPort

<unique-port-number> Example invocation: casPort=01812
imagePath

<path-to-images> Example invocation: imagePath="/home/deeplrn/data/ladybug”
modelPath

<path-to-Caffe-model-files> Example invocation:modelPath="/home/deeplrn/imported models”

modelName

<model-name> Example invocation:mode1Name="VGG16"
Run all of the cells in your notebook and examine your results. For reference, a VGG-16 model gives top 1
and top 5 misclassification error rates of 15.3% and 4.2 % respectively.
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Deep Learning Action Set: Examples

Example 1: Add a Layer to a Deep Learning Model
You can use CASL to add a layer to a deep learning model using the addLayer action.

The following example shows how you can use CASL to add a layer to a deep learning model using the
addLayer action.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an
example.

options casport=5570 cashost="cloud.example.com"; /*¥ 1%/
cas casauto;
caslib _all_ assign;

proc cas; /* 2%/
session casauto;

<Additional steps before adding a layers> /*3 %/

deepLearn.addLayer / /* 4%/
layer={type="INPUT"}
modelTable={name="Model table name"}
name="Layer name";

run;
quit; /*5%/
1 Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.
2 Begins the code to run a CAS action in SAS.

3 Before you add a layer to your model, make sure that you have first built a model. For more information
about building a model, see Build a Deep Learning Model on page 45.

4 Calls the addLayer action in the Deep Learning action set using the layer type, model table, and layer name
that you want to use.

Note: You need to modify the name value for the modelTable parameter to fit the model table that you
want to use. You also need to modify the name parameter to specify the layer name that you want to use. In
this example, the layer type is specified as “INPUT”. If you want to use a different type of layer, you need to
modify the value of the layer type parameter.

5 Ends the code to run a CAS action in SAS.

The following code builds an empty recurrent neural network model using the model table mtRnn, and then adds
input, recurrent, and output layers to it:

proc cas;
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session casauto;

deepLearn.buildModel /
modelTable={name="mtRnn",
replace=TRUE
}
type="RNN";
run;

deepLearn.addLayer /
layer={type="INPUT"}
modelTable={name="mtRnn" }
name="data";

run;

deepLearn.addLayer /
layer={type="recurrent"
n=50
act="'sigmoid'
init='xavier'
rnnType="'gru'

}
modelTable={name="mtRnn" }
name="rnnl"
srcLayers={"data"};

run;

deepLearn.addLayer /
layer={type="output"
act="'softmax'
init='xavier'

}
modelTable={name="mtRnn" }
name="outlayer"
srcLayers={"rnnl"};

run;

quit;

Here are the results from building an empty recurrent neural network model:

The SAS System

Results from deeplearn buildModel

Dutput CAS Tables

Number Number
CAS Library Mame | of Rows @ of Columns
CASUSERHDF 5( ) | mirmn 1 4]

Here are the results from adding an input layer to the recurrent neural network model:
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The SAS System

Results from deepLearn.addLayer

Dutput CAS Tables

Number Number
CAS Library Mame of Rows of Columns
CASUSERHDF 5| } | mirnn 10 Fal

Here are the results from adding a recurrent layer to the recurrent neural network model:

The SAS System

Results from deeplLearn.addLayer

Dutput CAS Tables

Number Number
CAS Library Mame @ of Rows | of Columns
CASUSERHDF§( } | mirnn 23 4]

Here are the results from adding an output layer to the recurrent neural network model:

The SAS System

Results from deeplearn.addLayer

Dutput CAS Tables

Number Number
CAS Library MName | of Rows | of Columns
CASUSERHDF5( ) | mtrnm 35 5

Example 2: Build a Deep Learning Model
You can use CASL to build a deep learning model using the buildModel action.

The following example shows how you can use CASL to build a deep learning model using the buildModel
action.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an
example.

options casport=5570 cashost="cloud.example.com"; /*1%/
cas casauto;
caslib all assign;

proc cas; /* 2%/
session casauto;

<Additional steps before building a models> /* 3%/
deepLearn.buildModel / /*ax/
modelTable={name="Model table name"}
type="CNN";
run;

quit; /* 5%/
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Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.

Begins the code to run a CAS action in SAS.

After you connect to a CAS session and begin the code to run a CAS action, you might want to load sample
data for your model. For more information about loading a sample data source, see Load a Sample Data
Source for a Deep Learning Model on page 66.

Calls the buildModel action in the Deep Learning action set using the model table and the model type that
you specify.

Note: You need to modify the name value for the modelTable parameter to fit the model table name that
you want to use. In this example, the model type was specified as a convolutional neural network (CNN). If
you want to build a different type of model, you need to modify the value of the type parameter to specify the
model type that you want to build.

Ends the code to run a CAS action in SAS.

The following code builds an empty convolutional neural network (CNN) using the model table name mTable:

proc cas;
session casauto;
deepLearn.buildModel /
modelTable={name="mTable"}
type="CNN";

run;

quit;

Here are the results from building a model:

The SAS System

Results from deeplLearn.buildModel

Output CAS Tables

Number Number
CAS Library Mame of Rows | of Columns
CASUSERHDFS( ) | mtable 1 g

Example 3: Export a Deep Learning Model

You can use CASL to export a deep learning model using the dIExportModel action.
The following example shows how you can use CASL to export a deep learning model using the dIExportModel
action.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an
example.

options casport=5570 cashost="cloud.example.com"; /* 1%/
cas casauto;
caslib _all assign;

proc cas; [* 2%/
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session casauto;
<Additional steps before exporting a model tables> /*3 %/

deepLearn.dlExportModel / /* 4%/
casout={name="0Out_table name"}
initWeights={name="IW_table name"}
modelTable={name="Model table name"};

run;

quit; /*5%/

Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.

Begins the code to run a CAS action in SAS.

After you connect to a CAS session and begin the code to run a CAS action, make sure that you have
trained your model before you export it. For more information about training a model, see Train a Deep
Learning Model on page 56.

Calls the dIExportModel action in the Deep Learning action set using the output table that you specified to
store the generated model, the in-memory table that contains the model weights, and the in-memory table
that is the model.

Note: You need to modify the name values for the casout, initWeights, and modelTable parameters to
the fit the output table, the model weights in-memory table, and the in-memory model table that you want to
use.

Ends the code to run a CAS action in SAS.

To illustrate the possible steps that you might need to take before exporting a deep learning model, consider the
following example. In it, a library is added, and a table is loaded with sample data. Next, an empty recurrent
neural network model is created, and layers are added to it.

proc cas;
session casauto;

table.addCaslib /
datasource={srcType="PATH" }
name="My library name"
path="/u/userDir/directory with sample data";
run;

table.loadTable result=r /
caslib="My library name"
importOptions={fileType="CSV"}
path="My file name"
casOut={name="CAS file name", replace=true};
run;

deepLearn.buildModel /
modelTable={name="mtRnn",
replace=TRUE
}
type="RNN";
run;
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deepLearn.addLayer /
layer={type="INPUT"}
modelTable={name="mtRnn" }
name="data";

run;

deepLearn.addLayer /
layer={type="recurrent"
n=50

act="'sigmoid'

init="'xavier'

rnnType="'gru'

}
modelTable={name="mtRnn" }
name="rnnl"
srcLayers={"data"};

run;

After layers have been added to the model, training is performed using the model and the input data. Finally, the
model is exported using the model weights that have been created and the model table. The actual steps that
you should take before exporting a deep learning model varies depending on your modeling goals. For an
example with sample data that you can run, see Build a Deep Learning Model with Tabular Data on page 68.

deepLearn.addLayer /
layer={type="output"
act="'softmax'
init='xavier'

}
modelTable={name="mtRnn" }
name="outlayer"
srcLayers={"rnnl"};

run;

deepLearn.dlTrain /
inputs={{name="Variable name"}}
modelTable={name="mtRnn" }
modelWeights={name="MW_table name"}
table={name="CAS file name"};

run;

deepLearn.dlExportModel /
casout={name="0Out_table name"}
initWeights={name="MW_table name"}
modelTable={name="mtRnn"};

run;

quit;

Example 4: Import Model Weights
You can use CASL to import model weights from an external source using the dlimportModelWeights action.

The following example shows how you can use CASL to import model weights from an external source using the
dlimportModelWeights action.
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Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an
example.

5

options casport=5570 cashost="cloud.example.com"; /*1%/
cas casauto;
caslib all assign;

proc cas; [* 2%/
session casauto;

<Additional steps before importing model weights> /* 3%/

deepLearn.dlImportModelWeights / /*4x/
modelTable={name="Model table name"}
modelWeights={name="MW table name"}
weightFilePath="Model Weight Path And File";

run;

quit; /*5*/

Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.

Begins the code to run a CAS action in SAS.

After you connect to a CAS session and begin the code to run a CAS action, make sure that you have built a
model before you import model weights. For more information about building a model, see Build a Deep
Learning Model on page 45.

Calls the dlimportModelWeights action in the Deep Learning action set using the in-memory table that is the
model, the in-memory table that is used to store the model weights, and the fully qualified path and filename
for the external model weight file.

Note: You need to modify the name values for the modelTable parameter and the modelweights
parameter to specify the in-memory model table that you want to use and the in-memory table that is used to
store the model weights. You also need to modify the value for the weightFilePath parameter to specify
the fully qualified path and filename for the external model weight file.

Ends the code to run a CAS action in SAS.

For example, consider that you want to conduct a deep learning analysis with a preexisting model weights file.
The following example creates an empty convolutional neural network, and then adds layers to it:

proc cas;
session casauto;

deepLearn.buildModel /
modelTable={name="LeNet",
replace=TRUE
}
type="CNN";
run;

deepLearn.addLayer /
layer={type="INPUT"
nchannels=1
width=28
height=28
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scale=0.00392156862745098039
}
modelTable={name="LeNet"}
name="mnist";
run;

deepLearn.addLayer /
layer={type="CONVO"
nFilters=20
width=5
height=5
stride=1
init="XAVIER"
act="IDENTITY"
}
modelTable={name="LeNet"}
name="convl"
srcLayers={"mnist"};
run;

deepLearn.addLayer /
layer={type="POOL"
width=2
height=2
stride=2
pool='max'

}
modelTable={name="LeNet"}
name="pooll"
srcLayers={"convl"};

run;

The following adds additional layers to the convolutional neural network model:

deepLearn.addLayer /
layer={type="CONVO"
nFilters=50
width=5
height=5
stride=1
init="XAVIER"
act="IDENTITY"
}
modelTable={name="LeNet"}
name="conv2"
srcLayers={"pooll"};
run;

deepLearn.addLayer /
layer={type="POOL"
width=2
height=2
stride=2
pool='max'

}

modelTable={name="LeNet"}
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srcLayers={"conv2"};

run;

deepLearn.addLayer /
layer={type="FC"
n=500
act="'relu'
init="XAVIER"

}
modelTable={name="LeNet"}
name="ipl"
srcLayers={"pool2"};

run;

deepLearn.addLayer /
layer={type="FC"
n=10
act="'identity'
init="XAVIER"

}
modelTable={name="LeNet"}
name="ip2"
srcLayers={"ipl"};

run;

deepLearn.addLayer /
layer={type="OUTPUT"
act="'softmax'

}
modelTable={name="LeNet"}
name="loss"
srcLayers={"ip2"};

run;
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After layers have been added to the model, image data is loaded from the directory that you specify. Next, a
preexisting model weights file is loaded from the directory that you specify. Finally, the model table is scored

using the image data and model weights that you previously loaded.

image.loadImages /
casOut={name="myImages",
replace=TRUE

}

path="/u/userDir/directory with images";

run;

deepLearn.dlImportModelWeights /

formatType="CAFFE"
modelTable={name="LeNet"}

modelWeights={name="1lenetWeights",

replace=TRUE

}

weightFilePath="/u/userDir/model weight directory/model weight file";

run;

deepLearn.dlScore /
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initWeights={name="1lenetWeights"}
modelTable={name="LeNet"}
table={name="myImages"};

run;

quit;

Example 5: Assign Target Label Information
You can use CASL to assign target label information using the diLabelTarget action.

The following example shows how you can use CASL to assign target label information using the diLabelTarget
action.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an
example.

options casport=5570 cashost="cloud.example.com"; /*1%/
cas casauto;
caslib _all assign;

proc cas; [* 2%/
session casauto;

<Additional steps before assigning /* 3%/
target label informations

deepLearn.dlLabelTarget / /*ax/
initWeights={name="IW table name"}
labelTable={name="Label table name"}
modelTable={name="Model table name"}
modelWeights={name="MW table name"};

run;

quit; /*5*/

1 Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.

2 Begins the code to run a CAS action in SAS.

3 After you connect to a CAS session and begin the code to run a CAS action, make sure that you have built a
model, an in-memory table that contains model weights, and a table that contains the target label information
when training a classification model. For more information about training a model, see Train a Deep Learning
Model on page 56.

4 Calls the diLabelTarget action in the Deep Learning action set using the in-memory table that contains the
model weights, the table that contains the target label information when training a classification model, the in-
memory table that is the model, and the in-memory table that is used to store the model weights.

Note: You need to modify the name values for the initWeights, labelTable, modelTable, and
modelWeights parameters to the fit the model weights in-memory table, the target label information table,
the in-memory model table, and the in-memory table that is used to store the model weights.

5 Ends the code to run a CAS action in SAS.
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To illustrate the possible steps that you might need to take before assigning target label information, consider the
following example. In it, a library is added, and a table is loaded with sample data. Next, an empty recurrent
neural network model is created, and layers are added to it.

proc cas;
session casauto;

table.addCaslib /
datasource={srcType="PATH"}
name="My library name"
path="/u/userDir/directory with sample data";
run;

table.loadTable result=r /
caslib="My library name"
importOptions={fileType="CSV"}
path="My file name"
casOut={name="CAS_file name", replace=true};
run;

deepLearn.buildModel /
modelTable={name="mtRnn",
replace=TRUE
}
type="RNN";
run;

deepLearn.addLayer /
layer={type="INPUT"}
modelTable={name="mtRnn" }
name="data";

run;

deepLearn.addLayer /
layer={type="recurrent"
n=50
act="'sigmoid'
init="'xavier'
rnnType="'gru'

}
modelTable={name="mtRnn" }
name="rnnl"
srcLayers={"data"};

run;

After layers have been added to the model, you can perform training using the model and the input data. Next,
you can modify the target label information for the trained model. Note that the initwWeights parameter in the
diLabelTarget action uses the table that was created by the modelWeights parameter in the diTrain action. The
modelWeights parameter in the diLabelTarget action specifies the name of your new model weights file. Also,
you might need to load the table that contains the target label information that you want to use (This is
“Label_table_name” in this example) if it is not already in a directory that your CAS actions have access to.

deepLearn.addLayer /
layer={type="output"
act='softmax'
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init="'xavier'
modelTable={name="mtRnn" }
name="outlayer"
srcLayers={"rnnl"};

run;

deepLearn.dlTrain /
inputs={{name="Variable name"}}
modelTable={name="mtRnn" }
modelWeights={name="MW_table name"}
table={name="CAS file name"};

run;

deepLearn.dlLabelTarget /
initWeights={name="MW_table name"}
labelTable={name="Label table name"}
modelTable={name="mtRnn" }
modelWeights={name="New MW table name"};

run;

quit;

Example 6: Score a Table Using a Deep Learning Model
You can use CASL to score a table with a deep learning model using the dIScore action.

The following example shows how you can use CASL to score a table with a deep learning model using the
dIScore action.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an
example.

options casport=5570 cashost="cloud.example.com"; /*¥1%/
cas casauto;
caslib _all assign;

proc cas; [*2%*/
session casauto;

<Additional steps before scoring a model> /* 3%/

deepLearn.dlScore / /*4ax*/
initWeights={name="IW table name"}
modelTable={name="Model table name"}
table={name="Table name"};

run;

quit; /*5*/

1 Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.

2 Begins the code to run a CAS action in SAS.
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3 After you connect to a CAS session and begin the code to run a CAS action, make sure that you have
trained your model before you score it. For more information about training a model, see Train a Deep
Learning Model on page 56.

4 Calls the dIScore action in the Deep Learning action set using the in-memory table that contains the model
weights, the in-memory table that is the model, and the input CAS table that you are using to help test your
model. The casoOut and copyVars parameters can be specified to store the scored results.

Note: You need to modify the name values for the initWeights, modelTable, and table parameters to
the fit the model weights in-memory table, the in-memory model table, and the input CAS table that you want
to use to test your model.

5 Ends the code to run a CAS action in SAS.

To illustrate the possible steps that you might need to take before scoring a deep learning model, consider the
following example. In it, a library is added, and tables are loaded with sample data. Next, an empty recurrent
neural network model is created, and layers are added to it.

proc cas;
session casauto;

table.addCaslib /
datasource={srcType="PATH"}
name="My library name"
path="/u/userDir/directory with sample data";
run;

table.loadTable result=r /
caslib="My library name"
importOptions={fileType="CSV"}
path="My train file name"
casOut={name="CAS file name train", replace=true};
run;

table.loadTable result=r /
caslib="My library name"
importOptions={fileType="CSV"}
path="My test file name"
casOut={name="CAS file name test", replace=true};
run;

deepLearn.buildModel /
modelTable={name="mtRnn",
replace=TRUE
}
type="RNN";
run;

deepLearn.addLayer /
layer={type="INPUT" }
modelTable={name="mtRnn"}
name="data";

run;

After layers have been added to the model, you can train your model using input data, and score the deep
learning model using test data. The actual steps that you should take before scoring a deep learning model
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varies depending on your modeling goals. For an example with sample data that you can run, see Build a Deep
Learning Model with Tabular Data on page 68.

deepLearn.addLayer /
layer={type="recurrent"
n=50
act="'sigmoid'
init="'xavier'
rnnType="'gru'

}
modelTable={name="mtRnn" }
name="rnnl"
srcLayers={"data"};

run;

deepLearn.addLayer /
layer={type="output"
act="'softmax'
init='xavier'

}
modelTable={name="mtRnn" }
name="outlayer"
srcLayers={"rnnl"};

run;

deepLearn.dlTrain /
inputs={{name="Variable name"}}
modelTable={name="mtRnn" }
modelWeights={name="MW_table name"}
table={name="CAS file name train"}
target="target variable";

run;

deepLearn.dlScore /
casOut={name="train_scored",
replace=TRUE

}

initWeights={name="MW_table name"}
modelTable={name="mtRnn" }
table={name="CAS file name test"};

run;

quit;

Example 7: Train a Deep Learning Model
You can use CASL to train a deep learning model using the dITrain action.

The following example shows how you can use CASL to train a deep learning model using the dITrain action.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an

example.

options casport=5570 cashost="cloud.example.com"; /*1%/
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cas casauto;
caslib all assign;

proc cas; /*x 2%/
session casauto;

<Additional steps before training a models /*3 %/

deepLearn.dlTrain / /* 4%/
inputs={{name="Variable name"}}
modelTable={name="Model table name"}
modelWeights={name="MW_table name"}
table={name="Table name"};

run;

quit; /*5%/

Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.

Begins the code to run a CAS action in SAS.

After you connect to a CAS session and begin the code to run a CAS action, make sure that you have built a
model and added the layers to it that you want to use before you train your model. For more information
about building a model, see Build a Deep Learning Model on page 45. For more information about adding
layers to a model, see Add a Layer to a Deep Learning Model on page 43.

Calls the dITrain action in the Deep Learning action set using the input variables that you specify to use in the
analysis, the in-memory table that is the model, the name of the in-memory table that you want to use to
store the model weights, and the CAS input table that contains the data that you are using to train your
model. You can also use the optimizer option to specify optimization parameters.

Note: You need to modify the name values for the inputs, modelTable, modelWeights, and table
parameters to fit the input variables, the in-memory model table, the model weights in-memory table, and the
CAS input table that you want to use.

Ends the code to run a CAS action in SAS.

To illustrate the possible steps that you might need to take before training a deep learning model, consider the
following example. In it, a library is added, and a table is loaded with sample data. Next, an empty recurrent
neural network model is created, and layers are added to it.

proc cas;
session casauto;

table.addCaslib /
datasource={srcType="PATH" }
name="My library name"
path="/u/userDir/directory with sample data";
run;

table.loadTable result=r /
caslib="My library name"
importOptions={fileType="CSV"}
path="My file name"
casOut={name="CAS file name", replace=true};

run;
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deepLearn.buildModel /
modelTable={name="mtRnn",
replace=TRUE
}
type="RNN";

run;

deepLearn.addLayer /
layer={type="INPUT"}
modelTable={name="mtRnn" }
name="data";

run;

deepLearn.addLayer /
layer={type="recurrent"
n=50

act="'sigmoid'

init="'xavier'

rnnType="'gru'

}
modelTable={name="mtRnn" }
name="rnnl"
srcLayers={"data"};

run;

After layers have been added to the model, you can perform training using the model and the input data. The
actual steps that you should take before training a deep learning model varies depending on your modeling
goals. For an example with sample data that you can run, see Build a Deep Learning Model with Tabular Data
on page 68.

deepLearn.addLayer /
layer={type="output"
act="'softmax'
init='xavier'

}
modelTable={name="mtRnn" }
name="outlayer"
srcLayers={"rnnl"};

run;

deepLearn.dlTrain /
inputs={{name="Variable name"}}
modelTable={name="mtRnn" }
modelWeights={name="MW_table name"}
table={name="CAS file name"};

run;

quit;

Example 8: Tune a Deep Learning Model
You can use CASL to tune a deep learning model using the dITune action.

The following example shows how you can use CASL to tune a deep learning model using the diTune action.
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Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an
example.

5

options casport=5570 cashost="cloud.example.com"; /* 1%/
cas casauto;
caslib _all assign;

proc cas; [* 2%/
session casauto;

<Additional steps before tuning a model> /* 3%/

deepLearn.dlTune / [*ax*/
inputs={{name="Variable name"}}
modelTable={name="Model table name"}
modelWeights={name="MW table name"}
optimizer={algorithm={method="ADAM"}}
table={name="Table name"}
validTable={name="V table name"};

run;

quit; /*5*/

Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.

Begins the code to run a CAS action in SAS.

After you connect to a CAS session and begin the code to run a CAS action, make sure that you have built a
model and added the layers to it that you want to use before you tune your model. For more information
about building a model, see Build a Deep Learning Model on page 45. For more information about adding
layers to a model, see Add a Layer to a Deep Learning Model on page 43.

Calls the dITune action in the Deep Learning action set using the input variables that you specify to use in the
analysis, the in-memory table that is the model, the name of the in-memory table that you want to use to
store the model weights, optimization options, the CAS input table that contains the data that you are using
to tune your model, and the CAS table that contains the validation data that you want to use. The validation
table must have the same columns and data types as the training table.

Note: You need to modify the name values for the inputs, modelTable, modelWeights, table, and
validTable parameters to fit the variables, model table, model weights table, CAS input training table, and
the CAS input validation data that you want to use.

Ends the code to run a CAS action in SAS.

To illustrate how you could tune a deep learning model, consider the following example. In this example, a library
is added, and input data is loaded to it. Next, an empty convolutional neural network is created, and then layers
are added to it:

proc cas;
session casauto;

table.addCaslib /
datasource={srcType="PATH" }
name="My library name"
path="/u/userDir/directory with sample data";

run;
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table.loadTable result=r /
caslib="My library name"
importOptions={fileType="CSV"}
path="train data.csv"
casOut={name="train data", replace=true};
run;

table.loadTable result=r /
caslib="My library name"
importOptions={fileType="CSV"}
path="test data.csv"
casOut={name="test data", replace=true};
run;

deepLearn.buildModel /
modelTable={name="ConvNet",
replace=TRUE
}
type="CNN";
run;

deepLearn.addLayer /

layer={type="INPUT"
nchannels=3
width=32
height=32
scale=1
Offsets={l26.02464l4l, 123.7085042, 114.85431865}
}

modelTable={name="ConvNet"}

name="data";

run;

deepLearn.addLayer /
layer={type="CONVO"
nFilters=32
width=3
height=3
stride=1
init="MSRA2"
}
modelTable={name="ConvNet"}
name="convl"
srcLayers={"data"};
run;

After layers have been added to the model, the dITune action uses optimization options to tune hyperparameters
for the deep learning model:

deepLearn.addLayer /
layer={type="POOL"
width=3
height=3
stride=2
pool="AVERAGE"
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modelTable={name="ConvNet"}
name="pool3"
srcLayers={"convl"};

run;

deepLearn.addLayer /

layer={type="OUTPUT"
act="SOFTMAX'
init="MSRA2"

}
modelTable={name="ConvNet"}
name="outlayer"
srcLayers={"pool3"};

run;

deepLearn.dlTune /

inputs={{name="inputvar"}}
modelTable={name="ConvNet"}
modelWeights={name="MW_table name",
replace=TRUE
}
nominals={{name="nominal variable name"}}
optimizer={algorithm={method="ADAM",
betal={dlBetalRange},
beta2={d1lBeta2Range},
clipGradMax=100,
clipGradMin=-100,
learningRate={dlLearningRateRange},
learningRatePolicy="STEP",
gamma={dlGammaRange},
stepSize={dlStepSizeRange}
b
maxEpochs=2,
miniBatchSize={value=1},
seed=86753009,
tunelter=10

seed=54321
table={name="train data"}
target="target variable name"
validTable={name="test data"};

run;

quit;

Example 9: Display Model Information
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You can use CASL to display model information using the modelinfo action.

The following example shows how you can use CASL to display model information using the modelinfo action.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an

example.
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options casport=5570 cashost="cloud.example.com"; /* 1%/
cas casauto;
caslib all assign;

proc cas; /*x 2%/
session casauto;

<Additional steps before displaying /*3 %/
model informations

deepLearn.modellInfo / /* 4%/
modelTable={name="Model table name"};
run;
quit; /*5%/

1 Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.

2 Begins the code to run a CAS action in SAS.

3 After you connect to a CAS session and begin the code to run a CAS action, make sure that you have first
built a model before you display model information. For more information about building a model, see Build a
Deep Learning Model on page 45.

4 Calls the modelinfo action in the Deep Learning action set using the in-memory table that stores the model
graph definition that you want to use.

Note: You need to modify the name value of the model1Table parameter to the fit the in-memory table that
stores the model graph definition that you want to use.

5 Ends the code to run a CAS action in SAS.

To illustrate the possible steps that you might need to take before displaying model information, consider the
following example. In it, a library is added, and a table is loaded with sample data. Next, an empty recurrent
neural network model is created, and layers are added to it.

proc cas;
session casauto;

table.addCaslib /
datasource={srcType="PATH" }
name="My library name"
path="/u/userDir/directory with sample data";
run;

table.loadTable result=r /
caslib="My library name"
importOptions={fileType="CSV"}
path="My file name"
casOut={name="CAS file name", replace=true};
run;

deepLearn.buildModel /
modelTable={name="mtRnn",
replace=TRUE

}

type="RNN";
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run;

deepLearn.addLayer /
layer={type="INPUT"}
modelTable={name="mtRnn" }
name="data";

run;

deepLearn.addLayer /
layer={type="recurrent"
n=50

act="'sigmoid'

init="'xavier'

rnnType="'gru'

}
modelTable={name="mtRnn" }
name="rnnl"
srcLayers={"data"};

run;

In this example, the modellnfo action is called to display information for the mtRnn table after layers have been
added to it.

deepLearn.addLayer /
layer={type="output"
act="'softmax'
init='xavier'

}
modelTable={name="mtRnn" }
name="outlayer"
srcLayers={"rnnl"};

run;

deepLearn.modellInfo /
modelTable={name="mtRnn"};

run;

quit;

Example 10: Remove a Layer from a Deep Learning
Model

You can use CASL to remove a layer from a deep learning model using the removelLayer action.

The following example shows how you can use CASL to remove a layer from a deep learning model using the
removelayer action.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an
example.

options casport=5570 cashost="cloud.example.com"; /*1%/
cas casauto;
caslib all assign;

proc cas; /* 2%/
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session casauto;
<Additional steps before removing a layers> /*3 %/

deepLearn.removelayer / /* 4%/
modelTable={name="Model table name"}
name="Layer to remove";

run;

quit; /*5%/

Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.

Begins the code to run a CAS action in SAS.

After you connect to a CAS session and begin the code to run a CAS action, make sure that you have added
a layer to your model before you remove one. For more information about adding a layer to your model, see
Add a Layer to a Deep Learning Model on page 43.

Calls the removeLayer action in the Deep Learning action set using the in-memory model table that you
specified, and the name of the layer that you want to remove from the model. Note that the directed acyclic
graph needs to be maintained after one layer is removed.

Note: You need to modify the name value for the modelTable parameter to specify the in-memory model
table that you want to use. You also need to modify the value of the name parameter to specify the name of
the layer that you want to remove from your model.

Ends the code to run a CAS action in SAS.

To illustrate the possible steps that you might need to take before removing a layer, consider the following
example. In it, an empty convolutional neural network (CNN) model is created, and layers are added to it:

proc cas;
session casauto;

deepLearn.buildModel /
modelTable={name="LeNet",
replace=TRUE
}
type="CNN";
run;

deepLearn.addLayer /
layer={type="INPUT"
nchannels=1
width=28
height=28
scale=0.00392156862745098039
}
modelTable={name="LeNet"}
name="data";
run;

deepLearn.addLayer /
layer={type="CONVO"
nFilters=20
width=5
height=5
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stride=1
modelTable={name="LeNet"}
name="convl"
srcLayers={"data"};
run;

deepLearn.addLayer /
layer={type="POOL"
width=2
height=2
stride=2
}
modelTable={name="LeNet"}
name="pooll"
srcLayers={"convl"}
replace=TRUE;
run;

deepLearn.addLayer /
layer={type="CONVO"
nFilters=50
width=5
height=5
stride=1
}
modelTable={name="LeNet"}
name="conv2"
srcLayers={"pooll"};
run;

After you finish adding layers to your model, you can remove them with the removeLayer action. Note that once
you remove a layer from your model, you need to update the fully connected layer and maintain the directed
acyclic graph before your model will be ready to use for training. For information about how to add layers back
once they have been removed, see Build a LeNet Model on page 92.

deepLearn.addLayer /
layer={type="POOL"
width=2
height=2
stride=2
pool="max'

}
modelTable={name="LeNet"}
name="pool2"
srcLayers={"conv2"};

run;

deepLearn.addLayer /
layer={type="FC"
n=500
}
modelTable={name="LeNet"}
name="£fcl"
srcLayers={"pool2"};
run;
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deepLearn.addLayer /
layer={type="OUTPUT"
act='softmax'

}
modelTable={name="LeNet"}
name="outlayer"
srcLayers={"fcl"};

run;

deepLearn.removelayer /
modelTable={name="LeNet"}
name="conv2";

run;

deepLearn.removelayer /
modelTable={name="LeNet"}
name="pool2";

run;

quit;

Example 11: Load a Sample Data Source for a Deep
Learning Model

You can use CASL to load a sample data source for a deep learning model using the Table action set. The
optimization methods that are used in deep learning are sensitive to how the data is distributed. In order to
achieve the best performance, randomly shuffling your data using the shuffle action in the Table action set and a
smaller blocksize for the training table are highly recommended.

The following example shows how you can use CASL to load a sample data source for a deep learning model
using the Table action set.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an
example.

options casport=5570 cashost="cloud.example.com"; /* 1%/
cas casauto;
caslib all assign;

proc cas; /* 2%/
session casauto;

table.addCaslib / /*3 %/
datasource={srcType="PATH"}
name="My library name"
path="/u/userDir/directory with sample data";

run;

table.loadTable result=r / /* 4%/
caslib="My library name"
importOptions={fileType="CSV"}
path="My file name"
casOut={name="CAS_file name", replace=true};

run;
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table.tableInfo / /* 5%/
name="CAS file name";
run;

table.tableDetails / /*6*/
name="CAS file name";
run;

table.fetch / /*x7 %/
maxRows=20
table={name="CAS file name"};

run;

quit; /* 8%/

Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.

Begins the code to run a CAS action in SAS.

Adds a CAS library in your CAS session. The addCaslib action creates a library with the library name that
you specify for the name parameter. It fills the library with the files in the directory that you specify using the
path parameter.

Note: You need to modify the value of the name parameter to specify the library name that you want to
create. You also need to modify the value of the path parameter to provide a path to the directory that
contains the sample data files that you want to use. Finally, make sure that the path that you use is one that
you can access from a CAS session.

Loads the source data into a CAS table using the loadTable action.

Note: You need to modify the value of the cas1ib parameter to specify the name of the CAS library that
you created in the previous step. You also need to modify the value of the path parameter to specify the
filename that you want to use (for example, ‘My_data.csVv’). Finally, you need to modify the value of the name
parameter to provide the CAS table name that you want to use (for example, ‘My_data’). The CAS table that
you specify is loaded with the data from the file that you specified as the value of the path parameter. If the
file type that you specified for the path parameter is different from ‘CSV’, you also need to modify the
fileType value for the importOptions parameter to match the file type that you are using.

Displays overview information about the CAS table that you loaded using the tablelnfo action.

Note: You need to modify the value of the name parameter to specify the CAS filename that you previously
chose for your loaded data.

Displays details information about the CAS table that you loaded using the tableDetails action.

Note: You need to modify the value of the name parameter to specify the CAS filename that you previously
chose for your loaded data.

Displays observations in the CAS table that you loaded using the fetch action. This step helps you check that
your data has been loaded properly, and limits output to the first 20 observations.

Note: You need to modify the value of the name parameter to specify the CAS filename that you previously
chose for your loaded data.

Ends the code to run a CAS action in SAS.

Note: For a specific example that loads a sample data source, see Build a Deep Learning Model with
Tabular Data on page 68.
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Example 12: Build a Deep Learning Model with Tabular
Data

You can use CASL to build a deep learning model with tabular data.

This example shows how you can use CASL to build a deep learning model with tabular data using the HMEQ
sample data set (hmeq.csv) that contains information about loans.

The HMEQ data set includes home equity information about 5,960 fictitious mortgages. Each observation in this
file represents an applicant for a home equity loan, and all applicants have an existing mortgage. In the HMEQ
data set, the binary variable BAD indicates whether an applicant eventually defaulted or was ever seriously
delinquent with a value of 1.

You can download hmegq.csv from the SAS support website. To download this file, go to the SAS Viya
Knowledge Base Documentation Page.

After you download the hmeq.csv file, split it into two equal CSV files with 2,980 observations in each. In this
example, the file with the first 2,980 observations is called hmeq_train.csv, and the file with the second 2,980
observations is called hmeq_test.csv.

Add the hmeq_train.csv and hmeq_test.csv files to a location that you can access on your server network.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an
example.

options casport=5570 cashost="cloud.example.com"; /* 1%/
cas casauto;
caslib _all_ assign;

proc cas; [* 2%/
session casauto;

table.addCaslib / /* 3%/
datasource={srcType="PATH"}
name="casdata"
path="/u/userDir/directory with sample data";
run;

table.loadTable result=r / /* 4%/
caslib="casdata"
importOptions={£fileType="CSV"}
path="hmeq train.csv"
casOut={name="hmeq train", replace=true};
run;

table.loadTable result=r / /* 5%/
caslib="casdata"
importOptions={£fileType="CSV"}
path="hmeqg_test.csv"
casOut={name="hmeq test", replace=true};
run;

1 Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.

2 Begins the code to run a CAS action in SAS.


http://support.sas.com/documentation/onlinedoc/viya/examples.htm  
http://support.sas.com/documentation/onlinedoc/viya/examples.htm  
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3 Adds the casdata library with the files at the specified directory path.

Note: You need to modify the value of the path parameter to specify the path to the files that you want to
use.

4 Loads the hmeq_train CAS table from the hmeq_train.csv file in the casdata library.

5 Loads the hmeq_test CAS table from the hmeq_test.csv file in the casdata library.

Here are the results from adding the casdata library:

The SAS System

Results from table .addCaslib

CAS Library Information

Sub-directories | Session
Library | Type | Path included local | Active

casdata | PATH Mo fes es

After you load the data that you want to use, you can use actions in the Table action set to review your data,
including overview information, details, and observations:

table.tableInfo / /*1 %/
name="hmeq train";

run;

table.tableDetails / /* 2%/
name="hmeq train";

run;

table.fetch / /*3 %/

maxRows=20
table={name="hmeq train"};
run;

1 Uses the tablelnfo action in the Table action set to display overview table information for the hmeq_train CAS
table.

2 Uses the tableDetails action in the Table action set to display details table information for the hmeq_train
CAS table.

3 Uses the fetch action in the Table action set to display the first 20 rows of the hmeq_train CAS table.

Here is the overview table information for the hmeq_train CAS table:

The SAS System

Results from table.tableinfo

Table Information for Caslib casdata

MNumber Number NLS Promoted | Duplicated
Table Name of Rows of Columns | encoding | Created Last Modified Table Rows | View Source Name | Source Caslib | Compressed
HMEG_TRAIN 2Ba0 13 | utf-3 205ep2017:18:21:24 | 205ep2017:158:21:24 Mo Mo Mo | hmeg_trein.csv | casdata Mo

Here is the details table information for the hmeq_train CAS table:
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The SAS System

Results from table tableDetails

Detail Information for hmeq_train in Caslib casdata.

Humber
of | Active Fixed Variable Blocks | Memory EBlochks Memory EBlocks Memaory
Mode Blocks | Blocks Rows | Dafa size  Data size | Mapped | Mapped Unmapped | Unmapped | Allocated | Allocated
ALL 284 142 | 2880 382360 34788 142 417840 142 417840 u] a

Here is the first 20 rows of the hmeq_train CAS table:

The SAS System

Results from table.fetch

Selected Rows from Table HMEG_TRAIN

_index_ | BAD | LOAN | MORTDUE | VALUE | REASON  JOB | YOJ | DEROG | DELING CLAGE | NINQ CLNO DEBTINC
1 1 1100 25280 20025 | Homelmp | Other | 105 0 0 | 0430856867 1 a
2 1 1200 70052 88400 | Homelmp | Other 7 Ja] 2| 1212333332 o 14
3 1 1500 13500 16700 | Homelmp = Other 4 a] 0 | 142 48588867 1 10
4 1 1500
=] o 1700 ora00 | 112000 | Homelmp  Office 3 o] 0| 8333333332 o 14
=] 1 1700 30542 40220 | Homelmp | Other a] 0| 101.4880010 1 8 3T.113813586
7 1 1200 48340 7037 | Homelmp = Other 3 2 77A 1 17
2 1 1200 28502 43024 | Homelmp | Other 11 o] 0 | 8575802058 o & | 3208.28420402
=] 1 2000 22700 45740 | Homelmp | Other 3 o] 2| 2189333332 1 i2
] 1 2000 . 2250 | Homelmp Ssales 16 a] a] 1158 1] 13
11 1 2000 22803 E 13
1z 1 2000 20827 20200 | Homelmp | Office 11 o] 1| 12258333332 1 o
12 1 2000 45000 25000 | Homelmp | Other 3 Ja] 0 | 26.0o0a8as7? 2 5
14 0| 2000 04536 27400 Mgr 25 a] 0| 1471333333 1] 24
15 1 2100 71000 23250 | Homelmp | Other 3 0 1 122 o 16
18 1 2200 24280 24827 | Homelmp | Other 0 1 | 3002666867 o -]
17 1 2200 90287 | 102800 | Homelmp | Mgr 7 2 5] 1229 1 a2
12 1 2200 23030 E 12 . . . . . AT1M312200
12 1 2200 28182 40150 | Homelmp | Other 4.5 0 S48 1 16
20 0| 2200 102370 120053 Homelmp | Offies 2 a] 0 | 0009353347 o 13 | 31.58880312

Similarly, you can check that the data that you plan to use to test your model has been properly loaded using
actions in the Table action set:

table.tableInfo / /* 1%/
name="hmeq_test";

run;

table.tableDetails / /* 2%/
name="hmeq_test";

run;

table.fetch / /* 3%/

maxRows=20
table={name="hmeq test"};
run;
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1 Uses the tablelnfo action in the Table action set to display overview table information for the hmeq_test CAS

table.

2 Uses the tableDetails action in the Table action set to display details table information for the hmeq_test CAS

table.

3 Uses the fetch action in the Table action set to display the first 20 rows of the hmeq_test CAS table.

Here is the overview table information for the hmeq_test CAS table:

Table Mame

The SAS System
Results from table tableinfo

Table Information for Caslib casdata

NLS
encoding Created

Promoted
Table

Number
of Columns

Number

of Rows Last Modified

Duplicated
Rows

View | Source Name | Source Caslib | Compressed

HMEG_TEST 2080 12 | utig 205ep2017:12:21:25 | 20Sep2017:18:21:25 Mo Mo | Mo | hmeg_festosv | casdsta Mo
Here is the details table information for the hmeq_test CAS table:
The SAS System
Results from table tableDetails
Dietail Information for hmeg_test in Caslib casdata.
Humber
of | Active Fixed Wariable Blocks | Memory Blocks Memorny Elocks Memory
Node Blocks | Blocks Rows | Dafa size | Data size | Mapped Mapped Unmapped | Unmapped | Allocated | Allocated
ALL 284 142 | 2880 IBZRES 353685 142 413416 142 412416 u} a
Here is the first 20 rows of the hmeq_test CAS table:
The SAS System
Results from table.fetch
Selected Rows from Table HMEGQ_TEST
_Index_ | BAD LOAN | MORTDUE  VALUE | REASON JOB ¥OJ  DEROG @ DELING CLAGE | NING | CLNO DEETINC
1 0 | 18300 50038 885285  DebtCon | Office 1 o 0 182.0854118 3 19 | 3275348067
2 0 | 18400 50941 78201 | DebtCon | ProfExe 4 o o 266.040700 2 32 | 3260435701
3 0 18400 74004 92308 | DebtCon Orther g8 o 0 202 4804448 3 18 | 42 42034531
4 0 | 18400 GaTa8 T8154 | DebitCon T 24 33204007
5 0 | 18400 21887 51994  Homelmp | ProfExe T o 0 | 201.8323333 0 14
[} 0 18400 71284 24728 | DebtCon Orther 1 o 177 2873424 1 31 | 35034431368
T 0 18400 118378 128548 DebtCon 18 o o 13289873812 0 17 | 40850835854
] 0 | 18400 20623 | 124048 352310760368
g 1 | 18400 54818 T4447 | DebtCon | Office 3 2 3 | 208.0822643 1 50 | 4195642072
10 0 | 18400 57138 | 164133 | DebtCon | ProfExe 21 o 0 2324810021 0 27 | 2220824801
11 0 | 18400 73488 20453 | DebiCon | Other 4 o 0 188.3274238 3 18 | 41.52348741
12 0 | 18400 63574 28526  Homelmp | Cther o 0| 2831465517 0 20 | 2815337202
13 0 18400 g2588 294380  DebtCon ProfExe a2 o 2 358.0508802 42 | 3808082731
14 0 | 18400 57EE1 TG254 | DebtCon | Office 1 o 0 1722000822 0 25 | 31.81962217
15 1 | 18400 48700 72500 | DebtCon | Cther o 1 127.3 1 g
18 0 18400 21700 | 108025 DebtCon ProfExe 10 o 0 1552868687 3 12
17 0 18400 G2018 891832 | DebitCon ProfExe = o 0 2023225002 0 18 | 2038045421
12 0 | 18400 51454 | DebtCon | Cther 338.1102088 17 | 3348182800
19 0| 18400 107688 | 115821 | DebtCon | Cther o o 136.21211958 1 21 | 3080906168
20 0 18400 47428 78423  DebtCon ProfExe 4 o 0 2323155447 3 31 | 3310883578



72

After you check that your data has been loaded properly, you can build an empty recurrent neural network model
and view information about it using actions in the Deep Learning action set:

deepLearn.buildModel / /* 1%/
modelTable={name="hmeann",
replace=TRUE

}
type="RNN" ;

run;

deepLearn.modelInfo / /*x 2%/
modelTable={name="hmegRnn"};

run;

1 Uses the buildModel action in the Deep Learning action set to create an empty model for building a recurrent
neural network. In this example, the empty model is given the name hmeqRnn.

2 Uses the modellnfo action in the Deep Learning action set to display model information about the hmegRnn
model that was created in the previous step.

Here is the results from building the empty hmegRnn model:

The SAS System

Results from deeplLearn.buildModel

Output CA S Tables

MNumber Number
CAS Library | Mame of Rows | of Columns

casdata hmegrnn 1 5

Here is the model information for the hmeqRnn model:

The SAS System

Results from deepLearn.modelinfo

Model hmegrmn Information Details

Model HName hmegmn

Model Type Recurrent Meursl Metwork
Number of Layers 0
Humber of Input Layers a
Number of Output Layers a
Number of Convolutional Layers 1]
Number of Pooling Layers 0
Humber of Fully Connected Layers | O

Once you have built an empty recurrent neural network model, you can add layers to it using actions in the Deep
Learning action set:

deepLearn.addLayer / /* 1%/
layer={type="INPUT"}
modelTable={name="hmegRnn" }
name="data";

run;
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deepLearn.addLayer / /*x 2%/
layer={type="recurrent"
n=50
act="'sigmoid'
init='xavier'
rnnType="'gru'

}
modelTable={name="hmegRnn"}
name="rnnl"
srcLayers={"data"};

run;

deepLearn.addLayer / /*3 %/
layer={type="output"
act='softmax'
init="'xavier'

}

modelTable={name="hmegRnn"}
name="outlayer"
srcLayers={"rnnl"};

run;

1 Uses the addLayer action in the Deep Learning action set to add an input layer to the hmegRnn model.
2 Uses the addLayer action in the Deep Learning action set to add a recurrent layer to the hmegRnn model.

3 Uses the addLayer action in the Deep Learning action set to add an output layer to the hmegRnn model.

Here is the results from adding the input layer to the hmegRnn model:

The SAS System

Results from deeplLeam.addLayer

Cutput CAS Tables
Number Number
CAS Library | Name of Rows | of Columns
casdata hmegrnn 0 5

Here is the results from adding the recurrent layer to the hmegRnn model:

The SAS System

Results from deepleam.addLayer

Cutput CAS Tables
Number Number
CAS Library | Mame of Rows | of Columns
casdata hmegrnn 23 5

Here is the results from adding the output layer to the hmegRnn model:
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The SAS System

Results from deepleamn.addLayer

Cutput CA S Tables
Number Number
CAS Library | Name of Rows | of Columns
casdata hmegrmn 35 5

Once you have added layers to your model, you can view information about it to see how it has changed:

deepLearn.modelInfo / /* 1%/
modelTable={name="hmegRnn"} ;

run;

table.fetch / /* 2%/
table={name="hmegRnn"};

run;

1 Uses the modelinfo action in the Deep Learning action set to display overview information about the
hmegRnn model.

2 Uses the fetch action in the Table action set to display details information about the hmegRnn model.

Here is the overview information about the hmeqRnn model:

The SAS System

Results from deeplearn.modelinfo

Model hmegmn Information Details

Model Hame hmegmn

Model Type Recurrent Meural Metwork
Number of Layers 3

Number of Input Layers 1

Number of Output Layers 1

Number of Convolutional Layers ]
Number of Pooling Layers ]
Number of Fully Connected Layers O

-

Number of Recurrent Layers

Here is additional details information about the hmeqRnn model:
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Results from table fetch

Selected Rows from Table HMEGQRNN

_Index_ | _DLKeyl_ | _DLKeyi_ _DLChrVal_
1 | data inputopts. dropout dropout
2 | outlayer srclayers.0 rnnd
3 | mni mnaopts.reversed reversed
4 | outlayer outputopts.init Havier
5 | outlayer outputopts.no_bias no_bias
8  hmegmn maodeltype Recurrent Meural Network
7 | data inputopts. height height
2  rmni mnopts.sct Logistic
8 | outlayer outputopts. std std
10 | outlayer outputopts.mean mean
11 | data inputopts.nchannels | nchannsls
12 | data inputopts. width width
13 | outlayer outputopts.truncfact | fruncfact
14 | data inputopts. flip Mo flipping
18 | outlayer outputopts.act Softmax
18  data inputopts. std Mo Standardization
17 | mni mnopts.n n
18 | data layertype Input Layer
18 | rmm1 mnopts.rintype Gated Recurrent Unit
20 | data inputopts.scale scale

_DLMumVal_
o

_DLLayerl
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Once you have reviewed your model, you can train and score it using the data sets that you have previously

loaded:

deepLearn.dlTrain /
inputs={"mortdue", "value", "debtinc"}

modelTable={name="hmeqRnn" }

modelWeights={name="hmegTrainedWeights",

replace=TRUE

}

table={name="hmeq train"}
target="bad";

run;

deepLearn.dlScore /

casOut={name="train scored",

replace=TRUE

}
initWeights={name="hmegTrainedWeights"}
modelTable={name="hmeqRnn" }
table={name="hmeq test"};

run;

/[*1x/

/[* 2%/

1 Uses the dITrain action in the Deep Learning action set to train the hmegRnn model using the hmeq_train
CAS data set, and the mortdue, value, and debtinc variables.

2 Uses the dIScore action in the Deep Learning action set to score the trained model from the previous step

using the hmeq_test CAS data set.

Here is the results from training the hmegRnn model using the hmeq_train CAS data set:
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The SAS System

Results from deepleamn.diTrain

Model hmegmn Infermation Details

Model Name hmegrnn
Model Type Recurrent Meural Metwork
Number of Layers 3
Number of Input Layers 1
Humber of Output Layers 1
Number of Convolutional Layers a
Number of Pooling Layers a
Number of Fully Connected Layers u]
Number of Recurrent Layers 1
Number of Weight Parameters TTO0
Number of Bias Parameters 151
Tofal Number of Model Parameters 7881

Approximate Memory Cost for Training (MB) | 1

Optimization History of Deep Learning Model for HMEG_TRAIN

Learning
Epoch Rate Loss Fit Error
] 0.001 03811666867 0.7T62333

Output CAS Tables

Mumber Humber
CAS Library | Name of Rows | of Columns
casdata hmegTrainedWeights Ta18 3

Here is the results from scoring the hmegRnn model using the hmeq_test CAS data set:

The SAS System

Results from deeplLearn.dlScore

Score Information for HMEGQ_TEST
Number of Observations Read | 2233
Number of Observations Used | 2233
Mean Squared Error 0.226413
Loss Error 0.483206

Output CAS Tables

Number Humber
CAS Library | Name of Rows | of Columns
casdata train_scored 2283 1

After you have trained and scored you model, you can experiment with different options, values, or variables to
try to improve your model. The following example uses the deling variable, which tracks whether a customer
has been delinquent in a mortgage payment before:

deepLearn.dlTrain / /* 1%/
inputs={"mortdue", "value", "deling"}
modelTable={name="hmeqRnn" }
modelWeights={name="hmeqTrainedWeights",

replace=TRUE



}

table={name="hmeq train"}
target="bad";
run;

deepLearn.dlScore /
casOut={name="train_scored",
replace=TRUE
}
initWeights={name="hmegqTrainedWeights"}
modelTable={name="hmegRnn"}
table={name="hmeq test"};
run;

/* 2%/
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1 Uses the dITrain action in the Deep Learning action set to train the hmegRnn model using the hmeq_train
CAS data set, and the mortdue, value, and deling variables.

2 Uses the dIScore action in the Deep Learning action set to score the trained model from the previous step

using the hmeq_test CAS data set.

Here is the results from training the hmegRnn model using the hmeq_train CAS data set with different input

variables:
The SAS System
Results from deeplLeam.diTrain
Model hmegmn Information Details

Model Name hregrnn
Model Type Recumant Meural Metwark
Number of Layers 3
Number of Input Layers 1
Number of Output Layers 1
Number of Convolutional Layers u]
Number of Pooling Layers u}
Number of Fully Connected Layers u}
Number of Recurrent Layers 1
Number of Weight Parameters Trao
Number of Bias Parameters 181
Total Number of Model Parameters Ta51

Approximate Memory Cost for Training (MB) | 1

Optimization History of Deep Learning Model for HMEG_TRAIN

Learning
Epoch Rate Loss Fit Error
L] 0.001 0.37a3108182 0.752822

Dutput CAS Tables

Number Number
CAS Library | Mame of Rows | of Columns
casdata hmegTrainedWeights 7818 3

Here is the results from scoring the hmegRnn model using the hmeq_test CAS data set with different input

variables:
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The SAS System

Results from deeplearn.dlScore

Score Information for HMEG_TEST
Humber of Observations Read | 2435
Number of Observations Used | 2425
Mean Squared Error 0.2434481
Loss Error 0421732

Dutput CAS Tables

Number Number
CAS Library = Name of Rows | of Columns
casdata train_scored 24585 1

When training your model, you can use the opt imizer parameter to specify the settings for the optimization
algorithm, optimization mode, and other settings such as a seed, the maximum number of epochs, and so on.
For more information about the optimizer parameter, see Train a Model on page 105 and Tune a Model on
page 107. After you have configured your model the way you want it, you can export your model and view
information about it:

deepLearn.dlExportModel / /* 1%/
casout={name="My Model"}
initWeights={name="hmegTrainedWeights"}
modelTable={name="hmeqRnn"};

run;
table.tableInfo / /* 2%/
name="My Model";
run;
table.tableDetails / /*3 %/
name="My Model";
run;
quit; /*ax*/

1 Uses the dIExportModel action in the Deep Learning action set to export your finished model. In this
example, the model is called My_Model.

2 Uses the tablelnfo action in the Table action set to view information about the exported model in the previous
step.

3 Uses the tableDetails action in the Table action set to view details information about your exported model.

4 Ends the code to run a CAS action in SAS.

Here is the results from exporting the model using the dIExportModel action:

The SAS System
Results from deeplearn.diExportModel
Output CAS Tables

CAS Library | Name
casdata My _Model
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Here is the overview table information about the exported model:

The SAS System

Results from table tablelnfo

Table Information for Caslib casdata

Number Number | NL5 Promoted | Duplicated
Table HMame | of Rows | of Columns | encoding | Created Last Modified Table Rows | View | Compressed
MY_MODEL 1 2| uth-2 205ep2017:18:21:43 | 20Sep2017:18:21:43 MNa es Mo Mo

Here is the details table information about the exported model:

The SAS System

Results from table tableDetails

Detail Information for My_Model in Caslib casdata.

Number
of | Active Fized | WVariable Elocks | Memory Elocks Memory Blocks Memory
Mode Blocks | Blocks | Rows | Data size  Data size | Mapped Mapped  Unmapped  Unmapped Allocated | Allocated
ALL 142 142 142 | 53831680 5389752 142 | 5418720 [u] o a o

Example 13: Build a Recurrent Neural Network Model
You can use CASL to build a recurrent neural network (RNN) model.

This example shows how you can use CASL to build an RNN model using an input data set that contains text
excerpts from approximately 600 brief news articles, and an input data set that contains vector representations
for words.

In this example, the news data set has been split into two different files for training and testing. The training data
set is called news_train_num.csv, and the test data set is called news_test_num.csv. The input data set that
contains vector representations for words is called glove_med_100d_xmax50.txt.

Word embeddings are numeric vector representations of words that are trained based on a large corpus,
typically without any label information. Popular word embeddings include Word2Vec, Glove, and FastText. These
are publicly available for download. When using word embeddings, any column name can be used in the
embedding table, but the first column of the embedding table must be the word and the rest of the columns are
treated as numeric vector representations of that word.

The Deep Learning action set does not provide task-oriented word embedding training. Since task-oriented word
embedding training requires a very large amount of labeled data to achieve better results, we recommend that
you use pre-trained word embeddings like Word2Vec, Glove, or FastText.

If you want to experiment with vector representations for words, one source that you could try using is https://
nlp.stanford.edu/projects/glove/.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an
example.

options casport=5570 cashost="cloud.example.com"; /* 1%/
cas casauto;
caslib all assign;

proc cas; /* 2%/


https://nlp.stanford.edu/projects/glove/
https://nlp.stanford.edu/projects/glove/
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session casauto;

table.addCaslib / /*3 %/
datasource={srcType="PATH"}
name="casdata"
path="/u/userDir/directory with sample data";

run;

table.loadTable result=r / /* 4%/
caslib="casdata"
importOptions={fileType="CSV"}
path="news train num.csv"
casOut={name="news_train", replace=true};
run;

table.loadTable result=r / /*5 %/
caslib="casdata"
importOptions={fileType="CSV"}
path="news test num.csv"
casOut={name="news_test", replace=true};
run;

table.loadTable result=r / /*6*/
caslib="casdata"
importOptions={fileType="delimited",
delimiter="' "',
getNames=true,
guessRows=2.0,
varChars=true
}
path="glove med 100d xmax50.txt"
casOut={name="glove", replace=true};
run;

Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.

Begins the code to run a CAS action in SAS.
Adds the casdata library with the files at the specified directory path.

Note: You need to modify the value of the path parameter to specify the path to the files that you want to
use.

Loads the news_train CAS table from the news_train_num.csv file in the casdata library.

Note: The news_train_num.csv file contains 537 observations. Each observation contains an excerpt of text
from a news article and either falls into the category of computer graphics, hockey, or medical issues. In the
data set, the nominal variable text contains the text of the news article. The binary variable graphics
indicates whether the document belongs to the computer graphics category (1-yes, 0-no). The binary
variable hockey indicates whether the document belongs to the hockey category (1-yes, 0-no). The binary
variable medical indicates whether the document belongs to the medical issues category (1-yes, 0-no). And
the nominal variable newsgroup contains the group that a news article fits into.

Loads the news_test CAS table from the news_test num.csv file in the casdata library.

Note: The news_test num.csv file contains 60 observations. It has the same variables as the
news_train_num.csv file, and is used to test the trained model.

Loads the glove CAS table from the glove_med_100d_xmax50.txt file in the casdata library.
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Note: The glove_med_100d_xmax50.txt file contains vector representations for words and is used during
training and scoring.

Here are the results from adding the casdata library:

The SAS System

Results from table.addCaslib

CAS Library Information

Sub-directories | Session
Library @ Type | Path included local | Active

casdata | PATH M Yas Yes

After you load the data that you want to use, you can use actions in the Table action set to review your data,
including overview information, details, and observations:

table.tableInfo / /* 1%/
name="news_train";

run;

table.tableDetails / /* 2%/
name="news_train";

run;

table.fetch / /*3 %/

maxRows=10
table={name="news train"};

run;

1 Uses the tablelnfo action in the Table action set to display overview table information for the news_train CAS
table.

2 Uses the tableDetails action in the Table action set to display details table information for the news_train CAS
table.

3 Uses the fetch action in the Table action set to display the first 10 rows of the news_train CAS table.

Here is the overview table information for the news_train CAS table:

The SAS System
Results from table tablelnfo

Table Information for Caslib casdata

Number Number = NLS Promoted = Duplicated
Table Name of Rows | of Columns | encoding | Created Last Modified Table Rows | View | Source Name Source Caslib | Compressed

NEWS_TRAIN 537 7| utf-2 210ct2017:01:31:05 | 210ct2017:01:21:05 Mo Mo Mo | news_trsin_num.csv | casdsta Mo

Here is the details table information for the news_train CAS table:
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Results from table.tableDetails

Detail Information for news_train in Caslib casdata.

Number
of | Active Fized = Wariable Blocks | Memory Blocks Memaory Blocks Memory
Node Blocks @ Blocks  Rows | Data size | Data size | Mapped | Mapped | Unmapped Unmapped | Allocated | Allocated
ALL 282 141 e 631254 842520 141 T0A536 141 TOA535 o o

Here is the first 10 rows of the news_train CAS table:
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Similarly, you can check that the data that you plan to use to test your model has been properly loaded using
actions in the Table action set:

table.tableInfo / /* 1%/
name="news_test";
run;

table.tableDetails / [* 2%/
name="news_test";
run;

table.fetch / /*3 %/
maxRows=10
table={name="news test"};

run;

table.fetch / /*ax/
maxRows=20
table={name="glove"};

run;

1 Uses the tablelnfo action in the Table action set to display overview table information for the news_test CAS
table.

2 Uses the tableDetails action in the Table action set to display details table information for the news_test CAS
table.

3 Uses the fetch action in the Table action set to display the first 10 rows of the news_test CAS table.

4 Uses the fetch action in the Table action set to display the first 20 rows of the glove CAS table.
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Here is the overview table information for the news_test CAS table:

The SAS System

Results from table.tablelnfo

Table Information for Caslib casdata

Number Mumber | NLS Promoted | Duplicated
Table Mame of Rows | of Columns | encoding | Created Last Modified Table Rows | View  Source Name Source Caslib | Compressed
NEWS_TEST B0 7 | utfE 210ct2017:01:31:22 | 210ct2017:01:31:23 Mo Mo Mo | news_test_num.csv | casdata Mo
Here is the details table information for the news_test CAS table:
The SAS System
Results from table tableDetails
Detail Information for news_test in Caslib casdata.
Number
of | Active Fized = Variable | Blocks | Memory Blocks Memory Blocks Memony
Node | Blocks Blocks | Rows | Data size | Data size | Mapped Mapped Unmapped Unmapped | Allocated | Allocated
ALL 120 G0 G0 32582 58242 a0 73320 60 73320 1] o
Here is the first 10 rows of the news_test CAS table:
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Here is the first 20 rows of the glove CAS table:
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Results from table fetch

_Index_ . -0.0824128  -0.829884  0.105052 | 0.022308 -1.474822 -0.209763 0.056989 | 0.137932 0372772 0.55921% 0.577920 0144557 -D.701270 | -0.404556  0.444875  0.153329 | -0.901481

2

1.090852 | -1.501752 | -0.304385 | -0.514420 0435441 | -0.006574 -D.018503 | 1.640428 | 1286003  1.073708  -0.074207 | 0.500726 -0.330072 0262842 D0.511022 | -0.202204 | -D.540805
-0.505014 | -0.984861 0.051256 | 0233408 0.220747  -0.320811 0260288 & 1.273497 | 1.058823 | 1181037 | 0.010117 | 0.503543 0.081392 | -0.6888514 0.510484  -0.838053 | -0.457308
the 0.46205% | -0.530831 | 0.119924 | -0.823026 -1.033058 | 0.224457 -0.005171 | 1.268445 | 1.377871 0041587  -0.248542 | 0.537457 -0.543485  -1.283022 0.55502 | -0.828875  -1.038012
and -06867284 -0833785 -0011317 | 0305408 -0 586631 -0 180504 0690553 @ 0488403 0194138 02045581 -0070622 @ 0097824 0525252 -0030454 D.B850120 -023034 | -0421108
in Q073027 -1 674842 0075080  -0432442 0574844 -0106971 -DO67614 | -0221738 11608087 0347187  -1.073857 | 0357008 -0174242 0007312 028522 -0.887381  -1D87383
08234824 | -1.004375 | -0.201280 | 0728303 -D.702858 | 1.016862 0523035  0.405043 1.42721 | 0624007 | 0545411 0326402 -1.073700 | 0320423 0428024 0445128 | 0270827
{ 07814 -1.00440 | 0328278 | -0.840862 -0.472035 1.137045 0.505204 | 0514005 1562512 | 06827811 | 0.238166 @ 0323532 -0.667102 | 0.285210 0762205  0.331086 | -0.244230
to 0.78572 | -0.810246 | 0.101776 | -0.801058 -1.382475 0.16824 -D.263078 | -0.01507¢ 0888012  0.5018565  -0.228355 | 0.987235  -1.421500  -0.782812 1.044341 | 08345632  -1.463201
with -0568415  -03829783 -0.824024 | 0544148 -1543747 -031732 -D2733084 | 0063167 1411421 | 0019145  -0947103 | 0758831 -0505637 0443736 0006750 | -0275975 0566662

O olwm w @ e e W

a8 1807271 -0407388 1.021645 -0813827 -12726884 -D367007 -0.794236 1314956 1057078 0407371  -0.1684403 | 1018087 -0512753 0557561 D 532248 | 0536295 0503473

11 | patients | 01742284 | -1.830482  -0.3482683 | -0.428708 -1.164500  -0.05058% 0.20338  -0.002242 | 1.304037 | 0147551 | -0.440067  0.191422 0.050633 | 0415416 0.372108  -0.277377 -0.30030

12 was 0723432 | -1.000584 | 0588483 -0.350602 -1.041354 | 0120519 -1.018264 | 0.571408 | 1016211 0460760 0.632030 -0.126876 0254135 -DE01853 0.585271 -0.403500  -1.786381
13 were 0.141054 | -1.474154 | 0.513084 0.12898 -0.81035 | 0.269486  0.198381 | 0328015 0858171 | 0731402 | 0462546  -0.705885 -0.088627 | -1.220452 0.55314 | -D.22838  0.051785
14 | for 0.125555 | -1.081452 0.52200 | -0.224183 -1.14033 | -0.G25286  0.791384 | 0815144 0040822 | 0675353 | -0.42200  -0471853 0185481 -0.88172  D.B52132  -0.058102 | -0.885528
15 % 0475652 -1 616873 0381081  -0518853 -0.31318 | DODG231 -0.240007 0438454 | 1258686 @ 0041008 | -0728243 -0358513 0358402 | -0 120473 0406482 -06&1118 | -1 537088
16  The 0.247747  -0.404004  0.485117 | -0.024507 -0.805067 -0.051236 0.103775 | 0500722 0748732 0.314884 0542082 | 0.342074 -0.350204 0865327 081638  -0.378625  -0.000118
17 that 0214832 | 0350543  0.635157 | 0.370445 -0.083508 -0.16214 0112680 | 0.360625 1120184 | 0.207243 | -0.014447 | 1.128321 -0.680020 -0.212170 -0.133720 | 0.5782468 -0.730475
18 by 0.28872 | -0.631801 | 0.87D217 | 0.746503 -D.760272 | 0.422000 -D.B2828B | 1230072 | 0097560 | 0872838 -0.219702 0.708224 D.26118 0354068 0.522248 | -0.117082 = 0.522850
19 is 0.53122% | 0386706 0.14407 | 0.348058 -0.214078 | -0.516587 -0.200358 075753  1.277083 0.252673  0.501342  1.118885 -0.108181  -D.281832 007413 0.233267 -1.551588
20 or 0383791 -1326343 -0031140 | 0407568 -0777308 -1527304 -0.032104 @ 0772008 11708858 0283821 0375331 0208384 -0308021 0350062 -03142  -0138743 | -0403783

After you check that your data has been loaded properly, you can build an empty recurrent neural network model
and view information about it using actions in the Deep Learning action set:

deepLearn.buildModel / /* 1%/
modelTable= {name= "newsRnn",
replace=TRUE

}

type="RNN";
run;
deepLearn.modelInfo / /* 2%/

modelTable={name="newsRnn"};
run;

1 Uses the buildModel action in the Deep Learning action set to create an empty model for building a recurrent
neural network. In this example, the empty model is given the name newsRnn.

2 Uses the modelinfo action in the Deep Learning action set to display model information about the newsRnn
model that was created in the previous step.

Here is the results from building the empty newsRnn model:

The SAS System

Results from deeplearn_buildModel

Cutput CA S Tables

Number Mumber
CAS Library | Name of Rows | of Columns

casdata NEWSsImn 1 5

Here is the model information for the newsRnn model:
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The SAS System

Results from deeplearn.modelinfo

Model newsrnn Information Details
Model Name nEwsmn
Model Type Recurrant Meural Metwork
Number of Layers
Number of Input Layers
Number of Output Layers

o]
o]
o]
Number of Convolutional Layers [u]
Number of Pooling Layers [u]

8]

Number of Fully Connected Layers

Once you have built an empty recurrent neural network model, you can add layers to it using actions in the Deep
Learning action set:

deepLearn.addLayer / /* 1%/
layer={type="INPUT" }
modelTable={name="newsRnn"}
name="data";

run;

deepLearn.addLayer / /* 2%/
layer={type="recurrent"
n=50
act="sigmoid'
init='xavier'
rnnType="'gru'

}
modelTable={name="newsRnn"}
name="rnnl"
srcLayers={"data"};

run;

deepLearn.addLayer / /*3 %/
layer={type="output"
act='softmax'
init='xavier'
}
modelTable={name="newsRnn"}
name="outlayer"
srcLayers={"rnnl"};
run;

1 Uses the addLayer action in the Deep Learning action set to add an input layer to the newsRnn model.
2 Uses the addLayer action in the Deep Learning action set to add a recurrent layer to the newsRnn model.

3 Uses the addLayer action in the Deep Learning action set to add an output layer to the newsRnn model.

Here is the results from adding the input layer to the newsRnn model:
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Results from deepleam.addLayer

Output CA S Tables

Number Mumber
CAS Library | Name of Rows | of Columns

casdata MEWSITIN 10 5

Here is the results from adding the recurrent layer to the newsRnn model:

The SAS System

Results from deeplLeam.addLayer

Cutput CA S Tables

Number Number
CAS Library = Mame of Rows | of Columns

casdata NEWSIMN 23 5

Here is the results from adding the output layer to the newsRnn model:

The SAS System

Results from deeplearn.addLayer

COutput CA S Tables

Number Number
CAS Library | Mame of Rows | of Columns

casdata NewsImn 35 5

Once you have added layers to your model, you can view information about it to see how it has changed:

deepLearn.modelInfo / /* 1%/
modelTable={name="newsRnn"};

run;

table.fetch / /* 2%/

table={name="newsRnn"};
run;

1 Uses the modelinfo action in the Deep Learning action set to display overview information about the
newsRnn model.

2 Uses the fetch action in the Table action set to display details information about the newsRnn model.

Here is the overview information about the newsRnn model:
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Results from deeplearn.modellinfo

Model newsrnn Information Details

Model Mame NEWsmn
Model Type Recurrent Meaural Network
MNumber of Layers 3

Number of Input Layers 1
Number of Output Layers 1
MNumber of Convolutional Layers

MNumber of Pooling Layers

[ R e R o |

MNumber of Fully Connected Layers

Number of Recurrent Layers 1

Here is additional details information about the newsRnn model:

The SAS System

Results from table fetch

Selected Rows from Table NEWSRMN

_Index_ | _DLKey0_  _DLKey1_ _DLChr¥al_ _DLMumVal_ | _DLLayerlD_
1 data inputopts.dropout dropout o a
2 outlayer srclayers.0 rmni 1 2
3 | mni mnopts. reversed reversed o 1
4 outlayer outpuicpts.init Havier 1 2
g outlayer outputopts.no_bias no_bias o 2
8  dats inputopts. height height o a
7 | mni mnopts.act Logistic 2 1
2 outlayer outpuiopts.std =td 1 2
8 outlayer outputopis.mean mesan o 2

10 | data inputopts.nchannels | nchannels 1 a
11 | data inputopts. width width o a
12 | outiayer outputopts.truncfact | truncfact o 2
13 | data inputopts. flip Mo flipping 1 a
14 | outlayer outputopts.act Softmax 7 2
18 | data inputopts.std Mo Standardization 2 a
18 | rmn1 mnopts.n n a0 1
17 | data layertype Input Layer 1 a
18 | rmni mnopts. rntyps Gated Recurrent Unit 2 1
19 | dats inputopts.scale scale 1 a
200 data inputopts.crop Mo cropping 1 a

Once you have reviewed your model, you can train and score it using the data sets that you have previously
loaded:

deepLearn.dlTrain / /* 1%/
inputs={{name="text"}}
modelTable={name="newsRnn" }
modelWeights={name="newsTrainedWeights",
replace=TRUE

}
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nThreads=1
optimizer={algorithm={method="ADAM",
lrPolicy="'step',
gamma=0.5,
betal=0.9,
beta2=0.999,
learningRate=0.001
b
maxEpochs=10,
miniBatchSize=1
}
seed=54321
table={name="news_train"}
texts={{name="text"}}
target="newsgroup"
textParms={initInputEmbeddings={importOptions={£fileType="AUTO"},
name="glove"
}
}

nominal="newsgroup";

run;

deepLearn.dlScore /
casOut={name=“train_scored",
replace=TRUE
}
initWeights={name="newsTrainedWeights"}
modelTable={name="newsRnn"}
table={name="news_test"}

textParms={initInputEmbeddings={importOptions={£fileType="AUTO"},

name="glove"

}
}i

[* 2%/

run;
1 Uses the dITrain action in the Deep Learning action set to train the newsRnn model using the news_train and
glove CAS data sets.
2 Uses the dIScore action in the Deep Learning action set to score the trained model from the previous step

using the news_test CAS data set.

Here is the results from training the newsRnn model using the news_train CAS data set:
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Results from deep

Learn.diTrain

Model newsrnn Information Details

Model Name

Maodel Type

Humber of Layers

Humber of Input Layers

Humber of Output Layers
Humber of Convolutional Layers
Humber of Pooling Layers
Mumber of Fully Connected Layers
Humber of Recurrent Layers
Humber of Weight Parameters
Number of Bias Parameters

Total Mumber of Model Parameters

newsrnn

Recurrent Meural Metwork
3

1

1

22850
152
222802

Approximate Memory Cost for Training (MB) | 17

Dptimization History of Deep Leaming Model for NEW5S_TRAIN

Learning
Rate

{

0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001

Wom s mm RW M=D

0.001

Output CAS

CAS Library | Name
casdata

news TrainedWeights

Loss Fit Error
1.1020432533 0.643045
1.0257302821 0.688887
1.0280884558 D.682942
1.0926519025 0.659218
1.0884324022 0.657356
1.0287181050 0.84432
1.0281471841 0.640586
1.0902735317 0.635009
1.0210865658 0.631285
1.0939373825 0.631285
Tables

Number Number
of Rows | of Columns
22803 3
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Here is the results from scoring the newsRnn model using the news_test CAS data set:

The SAS System

Results from deeplearn.dlScore

Score Information for NEWS_TEST

Number of Observations Read | G0
Number of Observations Used | G0
Misclassification Error (39) &5
Loss Ermmor 1.08828
Cutput CAS Tables
Number Number
CAS Library | Mame of Rows | of Columns
casdata train_scored 60 i

After you have performed scoring, you can view additional information, and export your model:
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table.fetch / /*x 1%/
maxRows=20
table={name="train scored"};

run;

deepLearn.dlExportModel / /*x 2%/
casout={name="My Model"}
initWeights={name="newsTrainedWeights"}
modelTable={name="newsRnn"};

run;
table.tableInfo / /* 3%/
name="My Model";
run;
table.tableDetails / /x4 x/
name="My Model";
run;
quit; /x5 %/

1 Uses the fetch action in the Table action set to view information about the train_scored table.

2 Uses the dIExportModel action in the Deep Learning action set to export your finished model. In this
example, the model is called My_Model.

3 Uses the tablelnfo action in the Table action set to view information about the exported model in the previous
step.

4 Uses the tableDetails action in the Table action set to view details information about your exported model.

5 Ends the code to run a CAS action in SAS.

Here is the results from fetching the first 20 rows from the train_scored table:
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The SAS System

Results from table fetch

Selected Rows from Table TRAIN_SCORED

_Index_ graphics medical hockey | _DL_PredMame_ _DL_PredP_ | _DL_PredLevel_
1 0.3142591119 | 0.3387875885 | 0.3489532728  hockey 0.3489532728 2
7 | 01553414782  D.4137365472 | 04259218768 | hockey 04259219766 2
3 | 0.3287915587  0.3433353073 03275728041 | medical 0.3433353073 1
4 | 0.3624196351 | 0.377394855 | 02601855695 | medical 0.377304855 1
5 | 01284302324 | 0.6550040245 | 0.2165857720 | medical 0.8550040245 1
B  0.3488585122 0.3774568920 02753554048  medical 0.3774560829 1
7 | 0.3598019745  0.3757745028 02646235824  medical 0.3757745028 1
2 | 0.3497424424 03744475245 02753100033  medical 0.3744475245 1
9 01092080203 0.7563745875 01344194561 | medical 0.75837456875 1

10 | 0.1555056084 | 04474377334 | 0.3289865577 | medical 04474377334 1
11 | 0.3008450138 | 0.4705872075 | 0.22845774508 | medical 04705972075 1
12 | 0.3230878115 | 0.4075687302 | 02603534195 | medical 04075587302 1
13 | 0.3743642887 | 0.345841186 | 02709045772 | graphics 0.3743642887 0
14 | 0.2831500411 | 04817487502 | 0.2251002758 | medical 04817487502 1
15 | 0.1285332202 | 0.65445180687 | 0217014878 | medical 0.8544519067 1
1@ | 0.3830802143 | 0.3568158746 | 02601033814 | graphics 0.3830302143 0
17 | 0.3560281428 | 03758408920 | 0.288332058 | medical 0.3756408589 1
18 | 0.3543714881 | 0.3854263527 | 0277202158 | medical 03634283527 1
19 | 0.1567126811 | 0.6571804831 | 0.1881067712 | medical 0.857 13048581 1
20 | 03430184458 0.3875605484 0260423008  medical 0.3875605454 1

Here is the results from exporting the model using the dIExportModel action:

The SAS System

Results from deeplLearn.dlExportModel

Curtput CAS Tables
CAS Library | Mame
casdata My Model

Here is the overview table information about the exported model:

The SAS System

Results from table tablelnfo

Table Informatien for Caslib casdata

Humber Humber | L5 Promoted | Duplicated
Table Name | of Rows | of Columns | encoding | Created Last Modified Table Rows | View | Compressed
MY_MODEL 1 2 utf-B 210ct2017:02:38:46 = 210ct2017:02:38:45 Ma Yes No MNa

Here is the details table information about the exported model:
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The SAS System

Results from table.tableDetails

Detail Information for My_Model in Caslib casdata.

Mumber
of | Active Fixed  Wariable Blocks | Memaory Blocks Memory Elocks Memory
Node Blocks | Blocks | Rows  Data size | Data size = Mapped | Mapped Unmapped Unmapped | Allocated = Allocated

ALL 141 141 141 | 5486006 | 5482622 141 | 5481104 0 0 0 0

Example 14: Build a LeNet Model

You can use CASL to build a LeNet Model.

The following example shows how you can use CASL to build a LeNet Model.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the

casport and cashost parameters. The values for these parameters that are provided below are just an
example.

options casport=5570 cashost="cloud.example.com"; /*1%/
cas casauto;
caslib all assign;

proc cas; /* 2%/
session casauto;

deepLearn.buildModel / /*3 %/
modelTable={name="LeNet",
replace=TRUE

type="CNN";
run;

1 Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.

2 Begins the code to run a CAS action in SAS.

3 Builds an empty convolutional neural network (CNN) model.

Here are the results from building the empty convolutional neural network (CNN) model:

The SAS System

Results from deeplearn_buildModel

Output CA S Tables
Number Number
CAS Library Hame @ of Rows | of Columns
CASUSERHDFS lenet 1 <]

After you build an empty CNN model, you can add layers to it:

deepLearn.addLayer / /[*1*/
layer={type="INPUT"
nchannels=1



width=28
height=28

scale=0.00392156862745098039

}

modelTable={name="LeNet"}
name="data";

run;

deepLearn.addLayer /
layer={type="CONVO"
nFilters=20
width=5
height=5
stride=1
}
modelTable={name="LeNet"}
name="convl"
srcLayers={"data"};
run;

deepLearn.addLayer /
layer={type="POOL"
width=2
height=2
stride=2
}
modelTable={name="LeNet"}
name="pooll"
srcLayers={"convl"}
replace=TRUE;
run;

deepLearn.addLayer /
layer={type="CONVO"
nFilters=50
width=5
height=5
stride=1
}
modelTable={name="LeNet"}
name="conv2"
srcLayers={"pooll"};
run;

1 Adds an input layer to the LeNet model.

[* 2%/

/*3 %/

/*4a*/
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Note: This example uses hypothetical values for width and height to illustrate how these parameters can be
specified. You need to modify these values to fit your own data and modeling goals.

2 Adds a convolutional layer to the LeNet model with 20 filters, a width of 5, and a height of 5.

3 Adds a pooling layer to the LeNet model with a width of 2 and a height of 2.

4 Adds a convolutional layer to the LeNet model with 50 filters, a width of 5, and a height of 5.

The following adds additional layers:

deepLearn.addLayer /
layer={type="POOL"

/[* 1%/
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width=2
height=2
stride=2
pool='max'

}
modelTable={name="LeNet"}
name="pool2"
srcLayers={"conv2"};

run;

deepLearn.addLayer / [*2%/
layer={type="FC"
n=500

}

modelTable={name="LeNet"}
name="fcl"
srcLayers={"pool2"};

run;

deepLearn.addLayer / /*3 %/
layer={type="OUTPUT"
act="'softmax'

}

modelTable={name="LeNet"}
name="outlayer"
srcLayers={"fcl"};

run;

1 Adds a pooling layer to the LeNet model with a width of 2 and a height of 2.
2 Adds a fully connected layer to the LeNet model.
3 Adds an output layer to the LeNet model.

Here are the results for adding the first layer:

The SAS System

Results from deepleam.addLayer

Cutput CAS Tables
Number Number
CAS5 Library MHame @ of Rows | of Columns
CASUSERHDFS lenet 10 <]

Here are the results for adding the second layer:

The SAS System

Results from deepleamn.addLayer

Cutput CAS Tables
Number Number
CAS Library Mame | of Rows of Columns
CASUSERHDFS lenet 28 <]

Here are the results for adding the third layer:



The SAS System

Results from deepleam_addlLayer

Cutput CAS Tables
Number Number
CAS5 Library Name  of Rows | of Columns
CASUSERHDFS lenet 36 <]

Here are the results for adding the fourth layer:

The SAS System

Results from deeplearn.addlLayer

Dutput CAS Tables

Number Number
CAS Library Name of Rows of Columns
CASUSERHDFS lenet 51 5

Here are the results for adding the fifth layer:

The SAS System

Results from deeplearn.addLayer

Dutput CAS Tables

Number Number
CAS Library Mame | of Rows of Columns
CASUSERHDFS lenet a0 5

Here are the results for adding the sixth layer:

The SAS System

Results from deeplLearn.addLayer

Output CAS Tables

Mumber Number
CAS Library Mame of Rows of Columns
CASUSERHDFS lenet 71 5

Here are the results for adding the seventh layer:

The SAS System

Results from deeplLearn.addLayer

Output CAS Tables

Number Number
CAS Library Mame of Rows of Columns
CASUSERHDFS lenet 823 5
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Once layers have been added to the model, you can order them and remove them from the model:

fetch/table='LeNet' to=1000 orderby={' dllayerid ', ' DLKeyl '};

run;

[* 1%/
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deepLearn.removelayer /

modelTable={name="LeNet"}

name="conv2";

run;

deepLearn.removelayer /

modelTable={name="LeNet"}

name="pool2";
run;

fetch/table='LeNet' to=1000 orderby={' dllayerid ', ' DLKeyl '};

run;

Displays table results ordered by the deep learning layer ID and the key value.

Once you add layers to a model, you can remove them. This step removes the conv2 layer to illustrate how

this can be done.

Removes the pool2 layer.

Displays table results ordered by the deep learning layer ID and the key value.

Here are the output table results for the first two layers:

The SAS System

Results from table fetch

Selected Rows from Table LENET

_Imndex_ = _DLKeyl | DLKeyi_

1 | lenet modeltype
2  data inputopts. crop
3  data inputopts. dropowt
4 | data inputopts. flip
5 | data inputopts. height
8  data inputopts nchannels
7  data inputopts. scale
8  data inputopts. std
2  data inputopts. width
10 | data layertype
11 | convi convopis.act
12 | convi convopis.dropout
13 | convl convopis. height
14 | convi convopks.init
15 | convi convopts.inithias
18 | convi convopis.mean
17 | convl convopis.nfilters
18 | convi convopis.no_bias
18 | convi convopks.std
20 | convi convopis.stride
21 | convi convopis.stride_height
22 | convi convopts. stride_width
23 | convi convops trunciact
24 | convi convopis.width
25 | convl layertype
28 | convl srclayers.0

_DLChrVal_

Convolutional Neural Network

Mo cropping
dropout

Mo flipping
height
nchannels

scale

Mo Standardization

width

Input Layer
Automatic
dropout
height
Havier
inithias
mEsn

nfilters
no_bias

=td

strida
stride_height
strida_width
truncfact
width
‘Convolution Layer

data

_DLNum¥al_

1
23
1

0.0030215885

2
23
1

[ I e [ e |

-

-

[ R O T T e |

_DLLayerlD_

[* 2%/

/*3 %/

/*a*/



Here are the output table results for the next three layers:

a7
28
20

3
32

hoR

a7

28

41
42

poal2
pool2
pool2
poal2
poal2
poal2
pool2
pocl2
poal2

layertype
poolingopts.dropout
poolingopis. height
poclingopis.poclingtype
poolingopis_stride
poolingopis.stride_height
poclingopts._stride_width
poclingopts. width
srclayers.0
convopts.act
convopis.dropout
convopis. height
convopts.init
convopis.initbias
convopis.mean
convopts.nfilters
convopis.no_bias
convopis.std

convopts. stride
convopis. stride_height
convopis. stride_width
convopis. trunciact
convopis. width
layertype

srclayers.0

layertype
poclingopts.dropout
poclingopts_height
poolingopis_poolingtype
poolingopis_stride
poolingopts.stride_height
poclingopts.stride_width
poolingopis. width
srclayers.0

Pooling Layer
dropout
height

Max Pooling
stride
strida_height
stride_width
width

con
Automatic
dropout
height
Havier
initbizs
mesn

nfilters
no_bias

=td

stride
stride_height
strida_width
truncfact
width
Convolution Layer
pooli
Pooling Layer
dropout
height

Max Pooling
stride
strida_height
stride_width
width

o2

Here are the output table results for the final two layers:

M O O == kR R = RO

-

= RO 3 RYRY O e

[EUIN O B O IR O B S |
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81 | fc1 foopts. act Automatic a 5
62 | fc1 foopts.dropout dropout a 5
83 | foil foopts.init Havier 1 5
84 | fol foopts. initbias inithias o 5
85 | fc1 foopts. mean mean a 5
88 | fcl feopts.n n 500 5
a7 | foi foopts.no_bias no_bias Ja] 5
88 | fcl foopts.std std 1 5
88 | fci foopts. truncfact truncfact a 5
70 | foi layertype Full Connect Layer 4 5
71 | fel srclayers.0 pool2 4 5
72 | outlayer layertype Qutput Layer 5 8
73 | outlayer outputopts.act Softmax T 8
T4 | outlayer outputopts.emror Automatic a 8
75 | outlayer outputopts.init Xavier 1 6
78 | outlayer outputopts.inithias inithias o 8
77 outlayer outputopts.mean mean a 8
T8 | outlayer outputopts.n n Ja] 6
78 outlayer outputopts.no_bias no_biass a 6
20  outlayer outputopts.std =td 1 8
21 | outlayer outputopts.target_std target_std 2 8
22 | outlayer outputopts. trumcfact truncfact a 8
23 outlayer srclayers.0 fol 5 8

Here are the results for removing the conv2 layer:

The SAS System

Results from deeplearn.removelayer

Output CAS Tables
Number Number
CAS Library Mame | of Rows of Columns
CASUSERHDFS lenet &8 5

Here are the results for removing the pool2 layer:

The SAS System

Results from deeplearm.removelayer

Output CA S Tables
Number Number
CAS Library Mame @ of Rows of Columns
CASUSERHDFS lenet &7 <]

Here are the output table results for the first two layers after the conv2 and pool2 layers have been removed:
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Here are the output table results for the next three layers:

_DLKey0_
lzn=t
datz
datz
datz
data
data
datz
datz
data
datz
convi
convl
conv
conv
convl
convl
conv
convi
convi
convi
conv
conv
convl
convl
convi

conv

The SAS System

Results from table fetch

Selected Rows from Table LENET

_DLKey1_
modeltype
inputopts.crop
inputopts.dropout
inputopts. flip
inputopts_height
inputopts.nchannels
inputopts.scale
inputopts. std
inputopts. width
layertype
convopts.act
convopts.dropout
convopts. height
convopts.init
convopts.initbias
convopts.mean
convopts. nfilters
convopts.no_bias
convopts. std
convopts. stride
convopts.stride_height
convopts.stride_width
convopts. truncfact
convopts. width
layertype
srclayers.0

_DLChrVal_

Convolutional Heural Metwork

Mo cropping
dropout

Mo flipping
height
nchannels

scale

Mo Standardization

width

Input Layer
Automatic
dropout
height
Havier
inithias
mesan

nfilters
no_bias

=td

stride
stride_height
stride_width
truncfact
width
Convolution Layer

data

_DLMumVal_
2

1

o]

1

25

1

0.0020215885

2
28
1

L I = = |

= B o R R
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27 | poolt layertype

25 | poolt poolingopts. dropout

28 | poolt poolingopts.height

30 | poolt poclingopts. poclingtype
31 | poolt poclingopts.stride

32 | pooli poolingopts_stride_height
33 | poold poolingopts. stride_width
34 | poolt poclingopts. width

35 | poolt srclayers.O

a5 | ficl foopts.act

ar | ficl foopts.dropout

38 | fcl foopts.init

38 | fcl foopts.initbias

40 | fil focopts.mean

41 | fel feopts.n

42 | fiel foopts.no_bias

43 | fcl foopts.std

44 | fict foopts truncfact

45 | ficl layertype

45 | ouflayer layertype

47 | ouflayer outputopts.act

45 | outlayer outputopts. error

48 | outlayer outputopts.init

20 outlayer outputopts.inithias
51 | outlayer outputopts. mean

52 | ouflayer outputopts.n

53 | outlayer outputopts. no_bias
S4 | ouilayer outputopts. std

55 | ouflayer outputopts. target_std
56 | outlayer outputopts truncfact

57 | outlayer srclayers. [

deepLearn.addLayer /
layer={type="CONVO"
nFilters=50
width=5
height=5
stride=1
}
modelTable={name="LeNet"}
name="conv2"
srcLayers={"pooll"};
run;

deepLearn.addLayer /
layer={type="POOL"
width=2
height=2
stride=2
pool='max'

}

modelTable={name="LeNet"}

Pooling Layer
dropout
height

Max Pooling
stride
stride_height
stride_width
width

comyl
Automafic
dropout
Havier
initbias
mEsn

n

no_bias

std

truncfact
Full Connect Layer
Output Layer
Softmax
Automafic
Havier
initbizs
mEan

n

no_bias

=td
target_std
truncfact

fel

You can also add removed layers back into the model:

Ba | k3| BB ba O

[ = R o |

500

[ R e R e B [ R I B S = |

LEU R = R ]

F I R R R U AT TR TR R T S S N U T I TR U T R R T N S I ST TR I S K

/[*1%/

/[* 2%/
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name="pool2"
srcLayers={"conv2"};
run;

deepLearn.addLayer / /*3%/
layer={type="FC"
n=500

}

modelTable={name="LeNet"}
name="fcl"
replace=TRUE
srcLayers={"pool2"};

run;

1 Adds the conv2 layer back into the model.
2 Adds the pool2 layer back into the model.

3 Updates the fully connected layer with the new source layers.

Here are the results for adding the conv2 layer back into the model:

The SAS System

Results from deepleam_addLayer

Crutput CAS Tables
Number Number
CAS Library Mame @ of Rows | of Columns
CASUSERHDFS lenet 73 5

Here are the results for adding the pool2 layer back into the model:

The SAS System

Results from deepleam.addLayer

Cutput CAS Tables
Number Number
CAS Library Hame | of Rows of Columns
CASUSERHDFS lenet 32 <]

Here are the results for updating the fully connected layer with the new source layers:

The SAS System

Results from deeplLeam.addLayer

Output CAS Tables
Number Number
CAS Library Mame | of Rows of Columns
CASUSERHDFS lenet 33 5

Finally, you can view table results and summary information about your model:

fetch/table='LeNet' to=1000 orderby={' dllayerid ', ' DLKeyl '}; /* 1%/
run;
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deepLearn.modellInfo / /* 2%/
modelTable={name="LeNet"};
run;
quit; /* 3%/

1 Displays table results ordered by the deep learning layer ID and the key value.
2 Displays summary information about the model.
3 Ends the code to run CAS actions in SAS.

After you have configured your model, you can perform training and scoring using the data that you want to
use. For more information about training a model, see Train a Deep Learning Model on page 56. For more
information about how you can score a table using a Deep Learning model, see Score a Table Using a Deep
Learning Model on page 54.

Here are the output table results for the first two layers after the conv2 and pool2 layers have been added back
and the fully connected layer has been updated:

The SAS System

Results from table fetch

Selected Rows from Table LENET

_Index_ | _DLKeyD_ | _DLKey1_ _DLChrVal_ _DLMumVal_ | _DLLayerlD_
1 | len=t modeltyps Convolutionsl Meural Network 2
2  dats inputopts.crop Mo cropping 1 o
3  dats inputopts. dropout dropout [u} 0
4  data inputopts. flip Mo flipping 1 0
5 | dats inputopts. height height 28 o
G | datz inputopts nchannels nchannels 1 o
7  data inputopts.scale scale 00028215685 0
8 | data inputopts std Mo Standardization 2 o
8 | dats inputopts. width width 28 o
10 | dats layertype Input Layer 1 o
11 | convl convopis.act Automatic [u} 1
12 | convi convopts. dropout dropout [u] 1
13 | convi convopts. height height 5 1
14 | convil convopts.init Favier 1 1
185 | convl convopts.initbias inithias [u} 1
18 | convi convopts.mean mean [u] 1
17 | convi convopts. nfilters nfilters 20 1
18 | convi convopis.no_bias no_biss [u} 1
18 | convl convopts.std =td 1 1
20 convi convopts. stride stride 1 1
21 | convi convopts. stride_height strida_height 1 1
22 convi convopts.stride_width strida_width 1 1
23 | convi convopts. truncfact trunicfact [u} 1
24 | convi convopts. width width 5 1
25 | convi layertype Convolution Layer 2 1
28 | convi srclayers.0 data [u} 1

Here are the output table results for the next three layers:
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21
3z

R

ar

]

41
42

Here are the output table results for the final two layers:

pool2
poal2
poal2
poal2
pool2
pool2
pool2
poal2
pool2

layertype

poolingopts dropout
poolingopts_height
poclingopts poclingtype
poclingopts stride

poolingopts_stride_height

poolingopts. stride_width
poclingopts width
srclayers.0
convopts act
convopts.dropout
convopis.height
conwvopis.init
convopts.inithias
convopis. mean
convopts.nfilters
convopis.no_bias
convopts.std

convopts. stride
convopis.stride_height
convopis.stride_width
convopts. truncfact
convopis.width
layertype

srclayers.0

layertype

poclingopts dropout
poclingopts_height
poclingopts poclingtype
poolingopts_stride

poolingopts.stride_haight

poolingopts. stride_width
poclingopts width
srclayers.[

Pooling Layer
dropout
height

Max Pooling
strida
stride_height
stride_width
width

comyl
Automafic
dropout
height
Havier
initbias
mesn
nfilters
no_bias

std

stride
stride_height
stride_width
trumcfact
width
Convolution Layer
pooli
FPooling Layer
dropout
height

Max Pooling
stride
stride_height
stride_width
width

conv2

SRR N I % B %) ka3
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81 | fe1 foopts. act Automatic a] 5
82 | fol foopts dropout dropout a 5
83 | fol foopts.init Havier 1 5
84 | foi foopts. initbias inithias a 5
85 | fo1 foopts. mean mEsn a 5
86 | fol foopts.n n 500 5
87 | fo1 foopts no_biss no_bias o 5
858 | fol foopts.std std i 5
g8 | fo1 foopts. truncfact truncfact a] 5
70 | fel layertype Full Connect Layer 4 5
71 | fol srclayers.0 pool2 4 5
72 | outlayer layertype Output Layer 5 8
73 | outlayer outputopts.sct Softmax T 8
74 | outlayer outputopts.errar Automatic o 8
78 | outlayer outputopts.init Havier 1 8
78 | outlayer outputopts.inithias inithias a 8
77 outlayer outputopts. mean mesn Ja] 6
78 | outlayer outputopts.n n a 6
T8 | outlayer outputopts.no_bias no_kbias a 8
20 | outlayer outputopts.std =td 1 8
21 | outlayer outputopts.target_std target_std 2 8
22 | outlayer outputopts.truncfact trumcfact o 8
23 | outlayer srclayers.0 fc1 5 8

Here are the model information results:

The SAS System

Results from deeplLearn.modelinfo

Model lenet Information Details

Model Name lenat

Model Type Convolutional Meural Metwork
Number of Layers 7

Number of Input Layers 1

Number of Output Layers 1

Number of Convolutional Layers

[ S X ]

Number of Pooling Layers

=

Number of Fully Connected Layers
Total Humber of Model Parameters | 23

Details

Overview of the Deep Learning Actions
The Deep Learning action set provides actions for modeling and scoring with deep learning networks.

For an example that shows how you can use the actions in the Deep Learning action set together, see Build a
Deep Learning Model with Tabular Data on page 68.

Note: You need to have a SAS Visual Data Mining and Machine Learning license to use the actions in the Deep
Learning action set.
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About the Deep Learning Actions

Add a Layer
The addLayer action adds a layer to a deep learning model.

When specifying the source layer for the srcLayers parameter, note that only directed acyclic graphs are
supported.

For an example that shows how you can add a layer to a deep learning model, see Add a Layer to a Deep
Learning Model on page 43.

Build a New Model
The buildModel action builds an empty deep learning model.

For an example that shows how you can build an empty deep learning model, see Build a Deep Learning Model
on page 45.

Export a Model
The dIExportModel action exports a deep learning model.

For an example that shows how you can export a deep learning model, see Export a Deep Learning Model on
page 46.

Import Model Weights
The dlimportModelWeights action imports model weights from an external source.

For an example that shows how you can import model weights, see Import Model Weights on page 48.

Assign Target Label Information
The diLabelTarget action assigns target label information.

For an example that shows how you can assign target label information, see Assign Target Label Information on
page 52.

Score a Table
The dIScore action scores a table using a deep learning model.

The layeroOut parameter specifies the settings for an output table that includes layer output values. By default,
all layers are included. Note that this consumes a large amount of memory. You can filter the list with the
layers parameter.

For an example that shows how you can score a table using a deep learning model, see Score a Table Using a
Deep Learning Model on page 54.

Train a Model
The dITrain action trains a deep learning model.

When training your model, you can use the optimizer parameter to specify the settings for the optimization
algorithm, optimization mode, and other settings such as a seed, the maximum number of epochs, and so on.

For example, the following table illustrates how the fit error in a convolutional neural network can improve with
each epoch.
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§ Modelinfo
Descr Value

0 |Model Mame tnet

1 |Model Type Convolutional Neural Network
2 |MNumber of Layers 9

3 | MNumber of Input Layers 1

4 | Number of Output Layers 1

5 | Mumber of Convoluticnal Layers 3

6 | Number of Pooling Layers 3

T | Mumber of Fully Connected Layers 1

& |MNumber of Weight Parameters 1163616
9 |Number of Bias Parameters 779

10 | Approximate Memary Cost for Training (MB)| 127

§ OptlterHistory

Epoch | LearningRate | Loss FitError
0 (00 0.001 2382182 |0.669346
1 (1.0 0.001 0.5159747 (0167300
2 (20 0.001 0.193625 (0.061454
3 (30 0.001 0.122883 (0.037596
4 (40 0.001 0.086291 |0.026406
5 |50 0.001 0.076109 (0.021456
6 (60 0.001 0.078402 (0.021670
T (70 0.001 0.055615 (0.016039
g (8.0 0.001 0.055523 (0.015130
9 (9.0 0.001 0.058977 (0.014877
10(10.0 | 0.001 0.043314 (0.011399
11(11.0 |0.001 0.045885 (0.011156
121120 |0.001 0.054555 (0.012617
13(13.0 |0.001 0.050729 (0.010204

In this example, the maxEpochs option inside the opt imizer parameter was set to a value of 14. The
maxEpochs option specifies the maximum number of epochs. For SGD with a single-machine server or a
session that uses one worker on a distributed server, one epoch is reached when the action passes through the
data one time. For a session that uses more than one worker, one epoch is reached when all the workers

exchange the weights with the controller one time.

When using asynchronous SGD with the snapshotFreq parameter to specify the frequency for generating
snapshots of the neural weights, this slows down the training speed because the action synchronizes all the

weights before writing them out in a weight table.
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For an example that shows how you can train a deep learning model, see Train a Deep Learning Model on page
56.

Tune a Model

The dITune action tunes hyper-parameters for a deep learning model. It enables you to tune optimization
parameters for the dITrain action using a hyperband tuning method.

When the gpu parameter is specified, the dITune action uses graphical processing unit hardware to accelerate
the dITune action. You can identify GPU devices with O—based 64—bit integers. For example, devices={0, 2}
requests that the first and the third GPU device be used. When this option is not specified, the action uses up to
the first nThreads= GPU devices. For example, if there are two GPU devices available, then nThreads=4 and
gpu=1 implies the action uses GPU devices 0 and 1. If nThreads=1 and gpu=1 is specified, then it means that
only GPU device 0 is used even if there are multiple GPU devices available.

The following output illustrates how tuning can lead to decreased fit error with subsequent iterations:

Iteration | PointsRemaining | BestPoint | BestFitError

000 18.0 7.0 0.6932
1(1.0 13.0 10.0 06775
220 10.0 13.0 0.6528
330 7.0 240 06149
440 5.0 14.0 0.5828
5[50 4.0 7.0 0.6016
6 (6.0 3.0 14.0 0.5983
T(7.0 3.0 14.0 0.5509
8 (8.0 3.0 7.0 0.6025
9(9.0 3.0 14.0 0.5834

The following output contains additional tuning statistics:
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Learning rate | Beta1 | Beta 2 | lterations | ValidFitError

0 | 0.0054954095 | 0.97114 | 0.90746 20 0.5534
1 | 0.0015135612 | 0.83582 0.96318 20 0.6427
2 | 0.0724435896 082786 | 0.9791 | 20 0.6586
3 | 0.0199526232 087562 | 0.81194 | 14 0.6409
4 | 0.0025840317 095522 | 0.97114 | 12 0.6527
5 | 0.0350159344 | 0.96316 | 0.99502 10 0.6667
6 |0.0104712825 093134 | 0.98706 | 10 0.6857
7 | 0.0007943282 091542  0.8597 | & 06919
8 |0.00041686593 08995 | 0.88358 8 0.7025
9 |0.0001148153 095706 0.8199 | & 0.7108
10 | 0.0002187761 | 0.8597 | 0.95522 & 0.7367
11 | 0.0000602559 | 0.51194 | 0.8995 & 0.7949
12 | 0.0000316225 | 0.88358 0.82786 6 0.8137
13 | 8.7096314E-6 | 0.99502  0.89154 4 0.8527
14 | 0.0000165359 | 0.80398 0.91542 4 0.8582
15 | 4.5706794E-6 | 0.9791 | 0.87562 4 0.8843
16 | 2.3986314E-6 | 0.90746 0.83582 4 0.8885
17 | 1.2589257E-6 | 0.85174 | 0.92338 4 0.89

16 | 6.6069356E-7 | 0.8199 | 0.803%8 2 0.8915
19 | 5.0118672E-5 | 0.84376 | 0.85174 | 2 0.8923
20 | 3.46T369E-7 | 092338 | 0.84378 | 2 0.8923
21 [ 1.8197009E-7 | 0.94726 | 0.93134 | 2 0.8923
22 | 95499168E-8 | 09353 | 09393 |2 0.8923
23 | 1.3803827E-8 | 0.89154 | 0.86766 | 2 0.8924
24 | 2.6302651E-8 | 0.86766 | 0.94726 | 2 0.5924

For an example that shows how you can tune hyper-parameters for a deep learning model, see Tune a Deep
Learning Model on page 58.

Display Model Information
The modelinfo action shows model information.

For an example that shows how you can display model information, see Display Model Information on page 61.

Remove a Layer
The removelayer action removes a layer from a deep learning model.

When specifying the name of the layer to remove from the model using the name parameter, note that only
directed acyclic graphs are supported. After removing a layer, the graph connections need to be restored.
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For an example that shows how you can remove a layer from a deep learning model, see Remove a Layer from
a Deep Learning Model on page 63.

Minimum Batch Size

The minimum batch size is the maximum number of observations across all workers. Often, the minimum batch
size is the product of the number of threads you are using and the value of parameter minibatchsize.
However, if you are working with a smaller data set, such as a table with five rows, five threads, and a
minibatchsize value of 1, your actual minimum batch size can be just one if all five rows are assigned to the
first thread, and the remaining four threads get no data.
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Deep Neural Network Action Set: Examples

Example 1: Generate DATA Scoring Code from a Deep
Neural Network Model

You can use CASL to generate DATA scoring code from a deep neural network model using the dnnCode action.

The following example shows how you can use CASL to generate DATA scoring code from a deep neural
network model using the dnnCode action.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an
example.

options casport=5570 cashost="cloud.example.com"; /* 1%/
cas casauto;
caslib all assign;

proc cas; /* 2%/
session casauto;

table.loadTable result=r / /*3 %/
caslib="Library name to use"
path="Path to my file"
casOut={name="CAS file name", replace=true};

run;
<Additional steps for a model table> /*ax/

deepNeural .dnnCode / /*5 %/
initWeights={name="IW table name"}
modelTable={name="Model table name"};
run;
quit; /* 6%/
1 Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.
2 Begins the code to run a CAS action in SAS.
3 Loads the source data into a table.

Note: You need to modify the caslib, path, and name parameters to fit the library name, path, and table
names that you want to use.

4 After you connect to a CAS session, and load the table that you want to use, you might need to perform
additional steps to load or create a model table.

5 Calls the dnnCode action in the Deep Neural Network action set using the in-memory table that contains the
model weights and the model table that you want to use.
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Note: You need to modify the name values for the initWeights and modelTable parameters to fit the
model weights table and the model table that you want to use.

Ends the code to run a CAS action in SAS.

Example 2: Export a Neural Network Model

You can use CASL to export a deep fully connected neural network model using the dnnExportModel action.

The following example shows how you can use CASL to export a deep fully connected neural network model
using the dnnExportModel action.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an
example.

options casport=5570 cashost="cloud.example.com"; /* 1%/
cas casauto;
caslib all assign;

proc cas; /* 2%/
session casauto;

table.loadTable result=r / /*3 %/
caslib="Library name to use"
path="Path to my file"
casOut={name="CAS file name", replace=true};

run;

<Additional steps for a model table> /*ax/

deepNeural .dnnExportModel / /*5 %/
casout={name="0Out_table name")}
initWeights={name="IW table name"}
modelTable={name="Model table name"};

run;

quit; /* 6%/

Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.

Begins the code to run a CAS action in SAS.

Loads the source data into a table.

Note: You need to modify the caslib, path, and name parameters to fit the library name, path, and table
names that you want to use.

After you connect to a CAS session, and load the table that you want to use, you might need to perform
additional steps to load or create a model table.

Calls the dnnExportModel action in the Deep Neural Network action set using the table to store the
generated aStore model, the in-memory table that contains the model weights, and the model table that you
want to use.

Note: You need to modify the name values for the casout, initWeights, and modelTable parameters to
fit the aStore model table, the model weights table, and the model table that you want to use.
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6 Ends the code to run a CAS action in SAS.

Example 3: Score a Table with a Deep Neural Network
Model

You can use CASL to score a table with a deep neural network model using the dnnScore action.

The following example shows how you can use CASL to score a table with a deep neural network model using
the dnnScore action.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an
example.

options casport=5570 cashost="cloud.example.com"; /[*1%/
cas casauto;
caslib all assign;

proc cas; [* 2%/
session casauto;

table.loadTable result=r / /*3 %/
caslib="Library name to use"
path="Path to my file"
casOut={name="CAS file name", replace=true};

run;

<Additional steps for a model table> /*ax/

deepNeural .dnnScore / /*5 %/
initWeights={name="IW table name"}
modelTable={name="Model table name"}
table={name="Table name"};
run;
quit; /* 6%/
1 Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.
2 Begins the code to run a CAS action in SAS.
3 Loads the source data into a table.

Note: You need to modify the caslib, path, and name parameters to fit the library name, path, and table
names that you want to use.

4 After you connect to a CAS session, and load the table that you want to use, you might need to perform
additional steps to load or create a model table.

5 Calls the dnnScore action in the Deep Neural Network action set using the in-memory table that contains the
model weights, the model table, and the input table that you want to use.

Note: You need to modify the name values for the initWeights, modelTable, and table parameters to
fit the model weights table, the model table, and the input table that you want to use.

6 Ends the code to run a CAS action in SAS.
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Example 4: Train a Deep Neural Network
You can use CASL to train a deep neural network using the dnnTrain action.

The following example shows how you can use CASL to train a deep neural network using the dnnTrain action.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an
example.

options casport=5570 cashost="cloud.example.com"; /¥ 1%/
cas casauto;
caslib _all assign;

proc cas; [*2%*/
session casauto;

table.loadTable result=r / /*3 %/
caslib="Library name to use"
path="Path to my file"
casOut={name="CAS file name", replace=true};

run;

deepNeural .dnnTrain / /x4 x/
inputs={{name="Variable name"}}
modelOut={name="MO_table name"}
modelWeights={name="MW table name"}
table={name="CAS file name"};

run;

quit; /* 5%/

1 Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.

2 Begins the code to run a CAS action in SAS.

3 Loads the source data into a table.

Note: You need to modify the caslib, path, and name parameters to fit the library name, path, and table
names that you want to use.

4 Calls the dnnTrain action in the Deep Neural Network action set using the input variables to use in the
analysis, the in-memory table that is used to store the model, the in-memory table that contains the model
weights, and the input table that you want to use.

Note: You need to modify the name values for the inputs, modelOut, modelWeights, and table
parameters to fit the variables, model table, model weights table, and the input table that you want to use.

5 Ends the code to run a CAS action in SAS.
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Details

Overview of the Deep Neural Network Actions
The Deep Neural Network action set provides actions for working with deep neural network models.

Note: You need to have a SAS Visual Data Mining and Machine Learning license to use the actions in the Deep
Neural Network action set.

About the Deep Neural Network Actions

Generate DATA Scoring Code

The dnnCode action generates DATA scoring code from a deep neural network model.

Export a Model

The dnnExportModel action exports a neural network model.

Score a Table

The dnnScore action scores a table with a deep neural network model.

Train a Deep Neural Network

The dnnTrain action trains a deep neural network.
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Recurrent Neural Network Action Set: Examples

Example 1: Score a Table Using a Recurrent Neural
Network Model

You can use CASL to score a table with a recurrent neural network model using the rnnScore action.

The following example shows how you can use CASL to score a table with a recurrent neural network model
using the rnnScore action.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an
example.

options casport=5570 cashost="cloud.example.com"; /* 1%/
cas casauto;
caslib all assign;

proc cas; /* 2%/
session casauto;

table.loadTable result=r / /*3 %/
caslib="Library name to use"
path="Path to my file"
casOut={name="CAS file name", replace=true};

run;
<Additional steps for a model table> /*ax/

deepRnn.rnnScore / /*5 %/
initWeights={name="IW table name"}
modelTable={name="Model table name"}
table={name="Table name"};

run;
quit; /* 6%/

1 Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.

2 Begins the code to run a CAS action in SAS.

3 Loads the source data into a table.

Note: You need to modify the caslib, path, and name parameters to fit the library name, path, and table
names that you want to use.

4 After you connect to a CAS session, and load the table that you want to use, you might need to perform
additional steps to load or create a model table.

5 Calls the rnnScore action in the Recurrent Neural Network action set using the in-memory table that contains
the model weights, the model table, and the input table that you want to use.
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Note: You need to modify the name values for the initWeights, modelTable, and table parameters to
fit the model weights table, the model table, and the input table that you want to use.

6 Ends the code to run a CAS action in SAS.

Example 2: Train a Recurrent Neural Network
You can use CASL to train a recurrent neural network using the rnnTrain action.

The following example shows how you can use CASL to train a recurrent neural network using the rnnTrain
action.

Note: Before running the following code, you need to provide a CAS port number and a CAS host name for the
casport and cashost parameters. The values for these parameters that are provided below are just an
example.

options casport=5570 cashost="cloud.example.com"; /*1%/
cas casauto;
caslib all assign;

proc cas; /* 2%/
session casauto;

table.loadTable result=r / /*3 %/
caslib="Library name to use"
path="Path to my file"
casOut={name="CAS file name", replace=true};

run;

deepRnn.rnnTrain / /*ax/
hiddens={5, 3}
inputs={{name="Variable name"}}
modelOut={name="MO_table name"}
modelWeights={name="MW table name"}
table={name="CAS file name"}
target="T variable name";

run;

quit; [*5 %/

1 Specifies the CAS port number and CAS host name to use. If you have already connected to a CAS session,
skip to step 2.

2 Begins the code to run a CAS action in SAS.

3 Loads the source data into a table.

Note: You need to modify the caslib, path, and name parameters to fit the library name, path, and table
names that you want to use.

4 Calls the rnnTrain action in the Recurrent Neural Network action set using the number of hidden neurons for
each hidden layer in the model, the input variables to use in the analysis, the in-memory table that is used to
store the model, the in-memory table that contains the model weights, the input table, and the target variable
that you want to use. In the above code, two hidden layers are specified. One has 5 hidden neurons, and the
other has 3 hidden neurons.
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Note: You need to modify the name values for the inputs, modeloOut, modelWeights, and table
parameters to fit the variables, model table, model weights table, and the input table that you want to use.
You also need to modify the value for the target parameter to fit the target variable that you want to use.

5 Ends the code to run a CAS action in SAS.

Details

Overview of the Recurrent Neural Network Actions
The Recurrent Neural Network action set provides actions for working with recurrent neural network models.

Note: You need to have a SAS Visual Data Mining and Machine Learning license to use the actions in the
Recurrent Neural Network action set.

About the Recurrent Neural Network Actions

Score a Table

The rnnScore action scores a table using a recurrent neural network model.

Train a Recurrent Neural Network

The rnnTrain action trains a recurrent neural network.
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