

    
      
          
            
  
tiny-dnn documentations

tiny-dnn [https://github.com/tiny-dnn/tiny-dnn/] is a header only,
dependency free deep learning library written in C++.
It is designed to be used in the real applications,
including IoT devices and embedded systems.
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A quick introduction to tiny-dnn

Include tiny_dnn.h:

    #include "tiny_dnn/tiny_dnn.h"
    using namespace tiny_dnn;
    using namespace tiny_dnn::layers;
    using namespace tiny_dnn::activation;





Declare the model as network. There are 2 types of network: network<sequential> and network<graph>. The sequential model is easier to construct.

    network<sequential> net;





Stack layers:

    net << conv(32, 32, 5, 1, 6, padding::same) << tanh()  // in:32x32x1, 5x5conv, 6fmaps
        << max_pool(32, 32, 6, 2) << tanh()                // in:32x32x6, 2x2pooling
        << conv(16, 16, 5, 6, 16, padding::same) << tanh() // in:16x16x6, 5x5conv, 16fmaps
        << max_pool(16, 16, 16, 2) << tanh()               // in:16x16x16, 2x2pooling
        << fc(8*8*16, 100) << tanh()                       // in:8x8x16, out:100
        << fc(100, 10) << softmax();                       // in:100 out:10





Declare the optimizer:

    adagrad opt;





In addition to gradient descent, you can use modern optimizers such as adagrad, adadelta, adam.

Now you can start the training:

    int epochs = 50;
    int batch = 20;
    net.fit<cross_entropy>(opt, x_data, y_data, batch, epochs);





If you don’t have the target vector but have the class-id, you can alternatively use train.

    net.train<cross_entropy, adagrad>(opt, x_data, y_label, batch, epochs);





Validate the training result:

    auto test_result = net.test(x_data, y_label);
    auto loss = net.get_loss<cross_entropy>(x_data, y_data);





Generate prediction on the new data:

    auto y_vector = net.predict(x_data);
    auto y_label = net.predict_max_label(x_data);





Save the trained parameter and models:

    net.save("my-network");





For a more in-depth about tiny-dnn, check out MNIST classification [https://github.com/tiny-dnn/tiny-dnn/tree/master/examples/mnist] where you can see the end-to-end example.
You will find tiny-dnn’s API in How-to.





          

      

      

    

  

    
      
          
            
  
How-Tos

Details about tiny-dnn’s API and short examples.


construct the network model

There are two types of network model available: sequential and graph. A graph representation describe network as computational graph - each node of graph is layer, and each directed edge holds tensor and its gradients. Sequential representation describe network as linked list - each layer has at most one predecessor and one successor layer.
Two types of network is represented as network and network class. These two classes have same API, except for its construction.
  
    
    Integrate with your application
    

    
 
  

    
      
          
            
  
Integrate with your application

Because tiny-dnn is header-only, integrating it with your application is extremely easy. We explain how to do it step-by-step.


Step1/3: Include tiny_dnn.h in your application

Just add the following line:

#include "tiny_dnn/tiny_dnn.h"








Step2/3: Enable C++11 options

tiny-dnn uses C++11’s core features and libraries. You must use the c++11 compliant compiler and compile with c++11-mode.


Visual Studio(2013-)

C++11 features are enabled by default, you have nothing to do about it.




gcc(4.8-)/clang(3.3-)

Use -std=c++11 option to enable c++11-mode.


From gcc 6.0, the default compile mode for c++ is -std=gnu++14, so you don’t need to add this option.









Step3/3: Add include path of tiny-dnn to your build system

Tell your build system where tiny-dnn exists. In gcc:

g++ -std=c++11 -Iyour-downloaded-path -O3 your-app.cpp -o your-app






Another solution: place tiny-dnn’s header files under your project root
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Train network with your original dataset

Here are some examples.


1. using opencv (image file => vec_t)

#include <opencv2/imgcodecs.hpp>
#include <opencv2/imgproc.hpp>
#include <boost/foreach.hpp>
#include <boost/filesystem.hpp>
using namespace boost::filesystem;

// convert image to vec_t
void convert_image(const std::string& imagefilename,
                   double scale,
                   int w,
                   int h,
                   std::vector<vec_t>& data)
{
    auto img = cv::imread(imagefilename, cv::IMREAD_GRAYSCALE);
    if (img.data == nullptr) return; // cannot open, or it's not an image

    cv::Mat_<uint8_t> resized;
    cv::resize(img, resized, cv::Size(w, h));
    vec_t d;

    std::transform(resized.begin(), resized.end(), std::back_inserter(d),
                   [=](uint8_t c) { return c * scale; });
    data.push_back(d);
}

// convert all images found in directory to vec_t
void convert_images(const std::string& directory,
                    double scale,
                    int w,
                    int h,
                    std::vector<vec_t>& data)
{
    path dpath(directory);

    BOOST_FOREACH(const path& p, 
                  std::make_pair(directory_iterator(dpath), directory_iterator())) {
        if (is_directory(p)) continue;
        convert_image(p.string(), scale, w, h, data);
    }
}





Another example can be found in issue#16 [https://github.com/tiny-dnn/tiny-dnn/issues/16], which can treat color channels.




2. using mnisten [https://github.com/nyanp/mnisten] (image file => idx format)

mnisten is a library to convert image files to idx format.

mnisten -d my_image_files_directory_name -o my_prefix -s 32x32





After generating idx files, you can use parse_mnist_images / parse_mnist_labels utilities in mnist_parser.h




3. from levelDB (caffe style => [vec_t, label_t])

Caffe [https://github.com/BVLC/caffe/] supports levelDB data format. Following code can convert levelDB created by Caffe into data/label arrays.

#include "leveldb/db.h"

void convert_leveldb(const std::string& dbname,
                     double scale,
                     std::vector<vec_t>& data,
                     std::vector<label_t>& label)
{
    leveldb::DB *db;
    leveldb::Options options;
    options.create_if_missing = false;
    auto status = leveldb::DB::Open(options, dbname, &db);

    leveldb::Iterator* it = db->NewIterator(leveldb::ReadOptions());
    for (it->SeekToFirst(); it->Valid(); it->Next()) {
        const char* src = it->value().data();
        size_t sz = it->value().size();
        vec_t d;
        std::transform(src, src + sz - 1, std::back_inserter(d),
                       [=](char c){ return c * scale; });
        data.push_back(d);
        label.push_back(src[sz - 1]);
    }
    delete it;
    delete db;
}
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Layers

[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/arithmetic_layer.h#L36]


elementwise_add_layer

element-wise add N vectors y_i = x0_i + x1_i + ... + xnum_i


Constructors

    elementwise_add_layer(size_t num_args, size_t dim)






	dim number of elements for each input


	num_args number of inputs




[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/average_pooling_layer.h#L136]






average_pooling_layer

average pooling with trainable weights


Constructors

    average_pooling_layer(size_t in_width,
                          size_t in_height,
                          size_t in_channels,
                          size_t pool_size)






	in_height height of input image


	in_channels the number of input image channels(depth)


	in_width width of input image


	pool_size factor by which to downscale




    average_pooling_layer(size_t in_width,
                          size_t in_height,
                          size_t in_channels,
                          size_t pool_size,
                          size_t stride)






	in_height height of input image


	stride interval at which to apply the filters to the input


	in_channels the number of input image channels(depth)


	in_width width of input image


	pool_size factor by which to downscale




    average_pooling_layer(size_t     in_width,
                          size_t     in_height,
                          size_t     in_channels,
                          size_t     pool_size_x,
                          size_t     pool_size_y,
                          size_t     stride_x,
                          size_t     stride_y,
                          padding        pad_type = padding::valid)






	in_height height of input image


	pad_type padding mode(same/valid)


	in_channels the number of input image channels(depth)


	pool_size_x factor by which to downscale


	pool_size_y factor by which to downscale


	in_width width of input image


	stride_x interval at which to apply the filters to the input


	stride_y interval at which to apply the filters to the input




[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/average_unpooling_layer.h#L134]






average_unpooling_layer

average pooling with trainable weights


Constructors

    average_unpooling_layer(size_t in_width,
                            size_t in_height,
                            size_t in_channels,
                            size_t pooling_size)






	in_height height of input image


	in_channels the number of input image channels(depth)


	in_width width of input image


	pooling_size factor by which to upscale




    average_unpooling_layer(size_t in_width,
                            size_t in_height,
                            size_t in_channels,
                            size_t pooling_size,
                            size_t stride)






	in_height height of input image


	stride interval at which to apply the filters to the input


	in_channels the number of input image channels(depth)


	in_width width of input image


	pooling_size factor by which to upscale




[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/batch_normalization_layer.h#L42]






batch_normalization_layer

Batch Normalization

Normalize the activations of the previous layer at each batch


Constructors

    batch_normalization_layer(const layer& prev_layer,
                              float_t epsilon = 1e-5,
                              float_t momentum = 0.999,
                              net_phase phase = net_phase::train)






	phase specify the current context (train/test)


	epsilon small positive value to avoid zero-division


	prev_layer previous layer to be connected with this layer


	momentum momentum in the computation of the exponential average of the mean/stddev of the data




    batch_normalization_layer(size_t in_spatial_size, 
                              size_t in_channels,                        
                              float_t epsilon = 1e-5,
                              float_t momentum = 0.999,
                              net_phase phase = net_phase::train)






	phase specify the current context (train/test)


	in_channels channels of the input data


	in_spatial_size spatial size (WxH) of the input data


	momentum momentum in the computation of the exponential average of the mean/stddev of the data


	epsilon small positive value to avoid zero-division




[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/concat_layer.h#L44]






concat_layer

concat N layers along depth

// in: [3,1,1],[3,1,1] out: [3,1,2] (in W,H,K order)
concat_layer l1(2,3); 

// in: [3,2,2],[3,2,5] out: [3,2,7] (in W,H,K order)
concat_layer l2({shape3d(3,2,2),shape3d(3,2,5)});






Constructors

    concat_layer(const std::vector<shape3d>& in_shapes)






	in_shapes shapes of input tensors




    concat_layer(size_t num_args, size_t ndim)






	ndim number of elements for each input


	num_args number of input tensors




[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/convolutional_layer.h#L52]






convolutional_layer

2D convolution layer

take input as two-dimensional image and applying filtering operation.


Constructors

    convolutional_layer(size_t in_width,
                        size_t in_height,
                        size_t window_size,
                        size_t in_channels,
                        size_t out_channels,
                        padding    pad_type = padding::valid,
                        bool       has_bias = true,
                        size_t w_stride = 1,
                        size_t h_stride = 1,
                        backend_t  backend_type = core::default_engine())






	in_height input image height


	h_stride specify the vertical interval at which to apply the filters to the input


	window_size window(kernel) size of convolution


	has_bias whether to add a bias vector to the filter outputs


	out_channels output image channels


	w_stride specify the horizontal interval at which to apply the filters to the input


	padding rounding strategy


	valid: use valid pixels of input only. output-size = (in-width - window_width + 1) * (in-height - window_height + 1) * out_channels


	same: add zero-padding to keep same width/height. output-size = in-width * in-height * out_channels






	in_channels input image channels (grayscale=1, rgb=3)


	backend_type specify backend engine you use


	in_width input image width




    convolutional_layer(size_t in_width,
                        size_t in_height,
                        size_t window_width,
                        size_t window_height,
                        size_t in_channels,
                        size_t out_channels,
                        padding    pad_type = padding::valid,
                        bool       has_bias = true,
                        size_t w_stride = 1,
                        size_t h_stride = 1,
                        backend_t  backend_type = core::default_engine())






	in_height input image height


	h_stride specify the vertical interval at which to apply the filters to the input


	backend_type specify backend engine you use


	has_bias whether to add a bias vector to the filter outputs


	out_channels output image channels


	w_stride specify the horizontal interval at which to apply the filters to the input


	window_height window_height(kernel) size of convolution


	window_width window_width(kernel) size of convolution


	padding rounding strategy


	valid: use valid pixels of input only. output-size = (in-width - window_width + 1) * (in-height - window_height + 1) * out_channels


	same: add zero-padding to keep same width/height. output-size = in-width * in-height * out_channels






	in_channels input image channels (grayscale=1, rgb=3)


	in_width input image width




    convolutional_layer(size_t              in_width,
                        size_t              in_height,
                        size_t              window_size,
                        size_t              in_channels,
                        size_t              out_channels,
                        const connection_table& connection_table,
                        padding                 pad_type = padding::valid,
                        bool                    has_bias = true,
                        size_t              w_stride = 1,
                        size_t              h_stride = 1,
                        backend_t      backend_type = core::default_engine())






	in_height input image height


	window_size window(kernel) size of convolution


	has_bias whether to add a bias vector to the filter outputs


	connection_table definition of connections between in-channels and out-channels


	out_channels output image channels


	w_stride specify the horizontal interval at which to apply the filters to the input


	h_stride specify the vertical interval at which to apply the filters to the input


	pad_type rounding strategy


	valid: use valid pixels of input only. output-size = (in-width - window_width + 1) * (in-height - window_height + 1) * out_channels


	same: add zero-padding to keep same width/height. output-size = in-width * in-height * out_channels






	in_channels input image channels (grayscale=1, rgb=3)


	backend_type specify backend engine you use


	in_width input image width




    convolutional_layer(size_t              in_width,
                        size_t              in_height,
                        size_t              window_width,
                        size_t              window_height,
                        size_t              in_channels,
                        size_t              out_channels,
                        const connection_table& connection_table,
                        padding                 pad_type = padding::valid,
                        bool                    has_bias = true,
                        size_t              w_stride = 1,
                        size_t              h_stride = 1,
                        backend_t      backend_type = core::default_engine())






	in_height input image height


	backend_type specify backend engine you use


	has_bias whether to add a bias vector to the filter outputs


	connection_table definition of connections between in-channels and out-channels


	out_channels output image channels


	w_stride specify the horizontal interval at which to apply the filters to the input


	window_height window_height(kernel) size of convolution


	window_width window_width(kernel) size of convolution


	h_stride specify the vertical interval at which to apply the filters to the input


	pad_type rounding strategy


	valid: use valid pixels of input only. output-size = (in-width - window_width + 1) * (in-height - window_height + 1) * out_channels


	same: add zero-padding to keep same width/height. output-size = in-width * in-height * out_channels






	in_channels input image channels (grayscale=1, rgb=3)


	in_width input image width




[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/deconvolutional_layer.h#L54]






deconvolutional_layer

2D deconvolution layer

take input as two-dimensional image and applying filtering operation.


Constructors

    deconvolutional_layer(size_t     in_width,
                          size_t     in_height,
                          size_t     window_size,
                          size_t     in_channels,
                          size_t     out_channels,
                          padding        pad_type = padding::valid,
                          bool           has_bias = true,
                          size_t     w_stride = 1,
                          size_t     h_stride = 1,
                          backend_t      backend_type = core::default_engine())






	in_height input image height


	h_stride specify the vertical interval at which to apply the filters to the input


	window_size window(kernel) size of convolution


	has_bias whether to add a bias vector to the filter outputs


	out_channels output image channels


	w_stride specify the horizontal interval at which to apply the filters to the input


	padding rounding strategy
valid: use valid pixels of input only. output-size = (in-width - window_size + 1) * (in-height - window_size + 1) * out_channels
same: add zero-padding to keep same width/height. output-size = in-width * in-height * out_channels


	in_channels input image channels (grayscale=1, rgb=3)


	in_width input image width




    deconvolutional_layer(size_t     in_width,
                          size_t     in_height,
                          size_t     window_width,
                          size_t     window_height,
                          size_t     in_channels,
                          size_t     out_channels,
                          padding        pad_type = padding::valid,
                          bool           has_bias = true,
                          size_t     w_stride = 1,
                          size_t     h_stride = 1,
                          backend_t      backend_type = core::default_engine())






	in_height input image height


	h_stride specify the vertical interval at which to apply the filters to the input


	has_bias whether to add a bias vector to the filter outputs


	out_channels output image channels


	w_stride specify the horizontal interval at which to apply the filters to the input


	window_height window_height(kernel) size of convolution


	window_width window_width(kernel) size of convolution


	padding rounding strategy
valid: use valid pixels of input only. output-size = (in-width - window_width + 1) * (in-height - window_height + 1) * out_channels
same: add zero-padding to keep same width/height. output-size = in-width * in-height * out_channels


	in_channels input image channels (grayscale=1, rgb=3)


	in_width input image width




    deconvolutional_layer(size_t              in_width,
                          size_t              in_height,
                          size_t              window_size,
                          size_t              in_channels,
                          size_t              out_channels,
                          const connection_table& connection_table,
                          padding                 pad_type = padding::valid,
                          bool                    has_bias = true,
                          size_t              w_stride = 1,
                          size_t              h_stride = 1,
                          backend_t               backend_type = core::default_engine())






	in_height input image height


	window_size window(kernel) size of convolution


	has_bias whether to add a bias vector to the filter outputs


	connection_table definition of connections between in-channels and out-channels


	out_channels output image channels


	w_stride specify the horizontal interval at which to apply the filters to the input


	h_stride specify the vertical interval at which to apply the filters to the input


	pad_type rounding strategy
valid: use valid pixels of input only. output-size = (in-width - window_size + 1) * (in-height - window_size + 1) * out_channels
same: add zero-padding to keep same width/height. output-size = in-width * in-height * out_channels


	in_channels input image channels (grayscale=1, rgb=3)


	in_width input image width




    deconvolutional_layer(size_t              in_width,
                          size_t              in_height,
                          size_t              window_width,
                          size_t              window_height,
                          size_t              in_channels,
                          size_t              out_channels,
                          const connection_table& connection_table,
                          padding                 pad_type = padding::valid,
                          bool                    has_bias = true,
                          size_t              w_stride = 1,
                          size_t              h_stride = 1,
                          backend_t               backend_type = core::default_engine())






	in_height input image height


	has_bias whether to add a bias vector to the filter outputs


	connection_table definition of connections between in-channels and out-channels


	out_channels output image channels


	w_stride specify the horizontal interval at which to apply the filters to the input


	window_height window_height(kernel) size of convolution


	window_width window_width(kernel) size of convolution


	h_stride specify the vertical interval at which to apply the filters to the input


	pad_type rounding strategy
valid: use valid pixels of input only. output-size = (in-width - window_size + 1) * (in-height - window_size + 1) * out_channels
same: add zero-padding to keep same width/height. output-size = in-width * in-height * out_channels


	in_channels input image channels (grayscale=1, rgb=3)


	in_width input image width




[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/dropout_layer.h#L37]






dropout_layer

applies dropout to the input


Constructors

    dropout_layer(size_t in_dim, float_t dropout_rate, net_phase phase = net_phase::train)






	phase initial state of the dropout


	dropout_rate (0-1) fraction of the input units to be dropped


	in_dim number of elements of the input




[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/feedforward_layer.h#L37]






feedforward_layer

single-input, single-output network with activation function


Constructors

[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/fully_connected_layer.h#L39]






fully_connected_layer

compute fully-connected(matmul) operation


Constructors

    fully_connected_layer(size_t in_dim,
                          size_t out_dim,
                          bool       has_bias = true,
                          backend_t  backend_type = core::default_engine())






	out_dim number of elements of the output


	has_bias whether to include additional bias to the layer


	in_dim number of elements of the input




[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/input_layer.h#L32]






input_layer


Constructors

[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/linear_layer.h#L38]






linear_layer

element-wise operation: f(x) = h(scale*x+bias)


Constructors

 linear_layer(size_t dim, float_t scale = float_t(1)






	dim number of elements


	scale factor by which to multiply


	bias bias term




[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/lrn_layer.h#L42]






lrn_layer

local response normalization


Constructors

    lrn_layer(layer*      prev,
              size_t  local_size,
              float_t     alpha = 1.0,
              float_t     beta  = 5.0,
              norm_region region = norm_region::across_channels)






	beta the scaling parameter (same to caffe’s LRN)


	alpha the scaling parameter (same to caffe’s LRN)


	layer the previous layer connected to this


	in_channels the number of channels of input data


	local_size the number of channels(depths) to sum over




    lrn_layer(size_t  in_width,
              size_t  in_height,
              size_t  local_size,
              size_t  in_channels,
              float_t     alpha = 1.0,
              float_t     beta  = 5.0,
              norm_region region = norm_region::across_channels)






	in_height the height of input data


	local_size the number of channels(depths) to sum over


	beta the scaling parameter (same to caffe’s LRN)


	in_channels the number of channels of input data


	alpha the scaling parameter (same to caffe’s LRN)


	in_width the width of input data




[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/max_pooling_layer.h#L53]






max_pooling_layer


Constructors

    max_pooling_layer(size_t in_width,
                      size_t in_height,
                      size_t in_channels,
                      size_t pooling_size,
                      backend_t  backend_type = core::default_engine())






	in_height height of input image


	in_channels the number of input image channels(depth)


	in_width width of input image


	pooling_size factor by which to downscale




    max_pooling_layer(size_t in_width,
                      size_t in_height,
                      size_t in_channels,
                      size_t pooling_size_x,
                      size_t pooling_size_y,
                      size_t stride_x,
                      size_t stride_y,
                      padding    pad_type = padding::valid,
                      backend_t  backend_type = core::default_engine())






	in_height height of input image


	stride interval at which to apply the filters to the input


	in_channels the number of input image channels(depth)


	in_width width of input image


	pooling_size factor by which to downscale




[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/max_unpooling_layer.h#L38]






max_unpooling_layer


Constructors

    max_unpooling_layer(size_t in_width,
                        size_t in_height,
                        size_t in_channels,
                        size_t unpooling_size)






	in_height height of input image


	in_channels the number of input image channels(depth)


	in_width width of input image


	unpooling_size factor by which to upscale




    max_unpooling_layer(size_t in_width,
                        size_t in_height,
                        size_t in_channels,
                        size_t unpooling_size,
                        size_t stride)






	in_height height of input image


	stride interval at which to apply the filters to the input


	in_channels the number of input image channels(depth)


	in_width width of input image


	unpooling_size factor by which to upscale




[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/partial_connected_layer.h#L34]






partial_connected_layer


Constructors

[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/power_layer.h#L38]






power_layer

element-wise pow: y = scale*x^factor


Constructors

    power_layer(const shape3d& in_shape, float_t factor, float_t scale=1.0f)






	factor floating-point number that specifies a power


	scale scale factor for additional multiply


	in_shape shape of input tensor




    power_layer(const layer& prev_layer, float_t factor, float_t scale=1.0f)






	prev_layer previous layer to be connected


	scale scale factor for additional multiply


	factor floating-point number that specifies a power




[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/quantized_convolutional_layer.h#L54]






quantized_convolutional_layer

2D convolution layer

take input as two-dimensional image and applying filtering operation.


Constructors

    quantized_convolutional_layer(size_t     in_width,
                                  size_t     in_height,
                                  size_t     window_size,
                                  size_t     in_channels,
                                  size_t     out_channels,
                                  padding        pad_type = padding::valid,
                                  bool           has_bias = true,
                                  size_t     w_stride = 1,
                                  size_t     h_stride = 1,
                                  backend_t      backend_type = core::backend_t::internal)






	in_height input image height


	h_stride specify the vertical interval at which to apply the filters to the input


	window_size window(kernel) size of convolution


	has_bias whether to add a bias vector to the filter outputs


	out_channels output image channels


	w_stride specify the horizontal interval at which to apply the filters to the input


	padding rounding strategy
valid: use valid pixels of input only. output-size = (in-width - window_size + 1) * (in-height - window_size + 1) * out_channels
same: add zero-padding to keep same width/height. output-size = in-width * in-height * out_channels


	in_channels input image channels (grayscale=1, rgb=3)


	in_width input image width




    quantized_convolutional_layer(size_t     in_width,
                                  size_t     in_height,
                                  size_t     window_width,
                                  size_t     window_height,
                                  size_t     in_channels,
                                  size_t     out_channels,
                                  padding        pad_type = padding::valid,
                                  bool           has_bias = true,
                                  size_t     w_stride = 1,
                                  size_t     h_stride = 1,
                                  backend_t      backend_type = core::backend_t::internal)






	in_height input image height


	h_stride specify the vertical interval at which to apply the filters to the input


	has_bias whether to add a bias vector to the filter outputs


	out_channels output image channels


	w_stride specify the horizontal interval at which to apply the filters to the input


	window_height window_height(kernel) size of convolution


	window_width window_width(kernel) size of convolution


	padding rounding strategy
valid: use valid pixels of input only. output-size = (in-width - window_width + 1) * (in-height - window_height + 1) * out_channels
same: add zero-padding to keep same width/height. output-size = in-width * in-height * out_channels


	in_channels input image channels (grayscale=1, rgb=3)


	in_width input image width




    quantized_convolutional_layer(size_t              in_width,
                                  size_t              in_height,
                                  size_t              window_size,
                                  size_t              in_channels,
                                  size_t              out_channels,
                                  const connection_table& connection_table,
                                  padding                 pad_type = padding::valid,
                                  bool                    has_bias = true,
                                  size_t              w_stride = 1,
                                  size_t              h_stride = 1,
                                  backend_t backend_type = core::backend_t::internal)






	in_height input image height


	window_size window(kernel) size of convolution


	has_bias whether to add a bias vector to the filter outputs


	connection_table definition of connections between in-channels and out-channels


	out_channels output image channels


	w_stride specify the horizontal interval at which to apply the filters to the input


	h_stride specify the vertical interval at which to apply the filters to the input


	pad_type rounding strategy
valid: use valid pixels of input only. output-size = (in-width - window_size + 1) * (in-height - window_size + 1) * out_channels
same: add zero-padding to keep same width/height. output-size = in-width * in-height * out_channels


	in_channels input image channels (grayscale=1, rgb=3)


	in_width input image width




    quantized_convolutional_layer(size_t              in_width,
                                  size_t              in_height,
                                  size_t              window_width,
                                  size_t              window_height,
                                  size_t              in_channels,
                                  size_t              out_channels,
                                  const connection_table& connection_table,
                                  padding                 pad_type = padding::valid,
                                  bool                    has_bias = true,
                                  size_t              w_stride = 1,
                                  size_t              h_stride = 1,
                                  backend_t      backend_type = core::backend_t::internal)






	in_height input image height


	has_bias whether to add a bias vector to the filter outputs


	connection_table definition of connections between in-channels and out-channels


	out_channels output image channels


	w_stride specify the horizontal interval at which to apply the filters to the input


	window_height window_height(kernel) size of convolution


	window_width window_width(kernel) size of convolution


	h_stride specify the vertical interval at which to apply the filters to the input


	pad_type rounding strategy
valid: use valid pixels of input only. output-size = (in-width - window_size + 1) * (in-height - window_size + 1) * out_channels
same: add zero-padding to keep same width/height. output-size = in-width * in-height * out_channels


	in_channels input image channels (grayscale=1, rgb=3)


	in_width input image width




[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/quantized_deconvolutional_layer.h#L54]






quantized_deconvolutional_layer

2D deconvolution layer

take input as two-dimensional image and applying filtering operation.


Constructors

    quantized_deconvolutional_layer(size_t     in_width,
                                    size_t     in_height,
                                    size_t     window_size,
                                    size_t     in_channels,
                                    size_t     out_channels,
                                    padding        pad_type = padding::valid,
                                    bool           has_bias = true,
                                    size_t     w_stride = 1,
                                    size_t     h_stride = 1,
                                    backend_t      backend_type = core::backend_t::internal)






	in_height input image height


	h_stride specify the vertical interval at which to apply the filters to the input


	window_size window(kernel) size of convolution


	has_bias whether to add a bias vector to the filter outputs


	out_channels output image channels


	w_stride specify the horizontal interval at which to apply the filters to the input


	padding rounding strategy
valid: use valid pixels of input only. output-size = (in-width - window_size + 1) * (in-height - window_size + 1) * out_channels
same: add zero-padding to keep same width/height. output-size = in-width * in-height * out_channels


	in_channels input image channels (grayscale=1, rgb=3)


	in_width input image width




    quantized_deconvolutional_layer(size_t     in_width,
                                    size_t     in_height,
                                    size_t     window_width,
                                    size_t     window_height,
                                    size_t     in_channels,
                                    size_t     out_channels,
                                    padding        pad_type = padding::valid,
                                    bool           has_bias = true,
                                    size_t     w_stride = 1,
                                    size_t     h_stride = 1,
                                    backend_t      backend_type = core::backend_t::internal)






	in_height input image height


	h_stride specify the vertical interval at which to apply the filters to the input


	has_bias whether to add a bias vector to the filter outputs


	out_channels output image channels


	w_stride specify the horizontal interval at which to apply the filters to the input


	window_height window_height(kernel) size of convolution


	window_width window_width(kernel) size of convolution


	padding rounding strategy
valid: use valid pixels of input only. output-size = (in-width - window_width + 1) * (in-height - window_height + 1) * out_channels
same: add zero-padding to keep same width/height. output-size = in-width * in-height * out_channels


	in_channels input image channels (grayscale=1, rgb=3)


	in_width input image width




    quantized_deconvolutional_layer(size_t              in_width,
                                    size_t              in_height,
                                    size_t              window_size,
                                    size_t              in_channels,
                                    size_t              out_channels,
                                    const connection_table& connection_table,
                                    padding                 pad_type = padding::valid,
                                    bool                    has_bias = true,
                                    size_t              w_stride = 1,
                                    size_t              h_stride = 1,
                                    backend_t               backend_type = core::backend_t::internal)






	in_height input image height


	window_size window(kernel) size of convolution


	has_bias whether to add a bias vector to the filter outputs


	connection_table definition of connections between in-channels and out-channels


	out_channels output image channels


	w_stride specify the horizontal interval at which to apply the filters to the input


	h_stride specify the vertical interval at which to apply the filters to the input


	pad_type rounding strategy
valid: use valid pixels of input only. output-size = (in-width - window_size + 1) * (in-height - window_size + 1) * out_channels
same: add zero-padding to keep same width/height. output-size = in-width * in-height * out_channels


	in_channels input image channels (grayscale=1, rgb=3)


	in_width input image width




    quantized_deconvolutional_layer(size_t              in_width,
                                    size_t              in_height,
                                    size_t              window_width,
                                    size_t              window_height,
                                    size_t              in_channels,
                                    size_t              out_channels,
                                    const connection_table& connection_table,
                                    padding                 pad_type = padding::valid,
                                    bool                    has_bias = true,
                                    size_t              w_stride = 1,
                                    size_t              h_stride = 1,
                                    backend_t               backend_type = core::backend_t::internal)






	in_height input image height


	has_bias whether to add a bias vector to the filter outputs


	connection_table definition of connections between in-channels and out-channels


	out_channels output image channels


	w_stride specify the horizontal interval at which to apply the filters to the input


	window_height window_height(kernel) size of convolution


	window_width window_width(kernel) size of convolution


	h_stride specify the vertical interval at which to apply the filters to the input


	pad_type rounding strategy
valid: use valid pixels of input only. output-size = (in-width - window_size + 1) * (in-height - window_size + 1) * out_channels
same: add zero-padding to keep same width/height. output-size = in-width * in-height * out_channels


	in_channels input image channels (grayscale=1, rgb=3)


	in_width input image width




[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/quantized_fully_connected_layer.h#L37]






quantized_fully_connected_layer

compute fully-connected(matmul) operation


Constructors

    quantized_fully_connected_layer(size_t in_dim,
                                    size_t out_dim,
                                    bool       has_bias = true,
                                    backend_t  backend_type = core::backend_t::internal)






	out_dim number of elements of the output


	has_bias whether to include additional bias to the layer


	in_dim number of elements of the input




[source] [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/layers/slice_layer.h#L42]






slice_layer

slice an input data into multiple outputs along a given slice dimension.


Constructors

    slice_layer(const shape3d& in_shape, slice_type slice_type, size_t num_outputs)






	num_outputs number of output layers

example1:
input:       NxKxWxH = 4x3x2x2  (N:batch-size, K:channels, W:width, H:height)
slice_type:  slice_samples
num_outputs: 3

output[0]: 1x3x2x2
output[1]: 1x3x2x2
output[2]: 2x3x2x2  (mod data is assigned to the last output)

example2:
input:       NxKxWxH = 4x6x2x2
slice_type:  slice_channels
num_outputs: 3

output[0]: 4x2x2x2
output[1]: 4x2x2x2
output[2]: 4x2x2x2



	slice_type target axis of slicing
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Changing from v0.0.1

This section explains the API changes from v0.0.1.


How to specify the loss and the optimizer

In v0.0.1, the loss function and the optimization algorithm are treated as template parameter of network.

//v0.0.1
network<mse, adagrad> net;
net.train(x_data, y_label, n_batch, n_epoch);





From v0.1.0, these are treated as parameters of train/fit functions.

//v0.1.0
network<sequential> net;
adagrad opt;
net.fit<mse>(opt, x_data, y_label, n_batch, n_epoch);








Training API for regression

In v0.0.1, the regression and the classification have the same API:

//v0.0.1
net.train(x_data, y_data, n_batch, n_epoch); // regression
net.train(x_data, y_label, n_batch, n_epoch); // classification





From v0.1.0, these are separated into fit and train.

//v0.1.0
net.fit<mse>(opt, x_data, y_data, n_batch, n_epoch); // regression
net.train<mse>(opt, x_data, y_label, n_batch, n_epoch); // classification








The default mode of re-init weights

In v0.0.1, the default mode of weight-initialization in trian function is reset_weights=true.

//v0.0.1
std::ifstream is("model");
is >> net;
net.train(x_data, y_data, n_batch, n_epoch); // reset loaded weights automatically
net.train(x_data, y_data, n_bacth, n_epoch); // again we lost trained parameter we got the last training





//v0.1.0
std::ifstream is("model");
is >> net;    
net.trian<mse>(opt, x_data, y_data, n_batch, n_epoch); // hold loaded weights
net.train<mse>(opt, x_data, y_data, n_bacth, n_epoch); // continue training from the last training

// weights are automatically initialized if we don't load models and train yet
net2.train<mse>(opt, x_data, y_data, n_batch, n_epoch);











          

      

      

    

  

  
    
    Adding a new layer
    

    
 
  

    
      
          
            
  
Adding a new layer

This section describes how to create a new layer incorporated with tiny-dnn. Let’s create simple fully-connected layer for example.


Note: This document is old, and doesn’t fit to current tiny-dnn. We need to update.





Declare class

Let’s define your layer. All of layer operations in tiny-dnn are derived from layer class.

// calculate y = Wx + b 
class fully_connected : public layer {
public:
    //todo 
};





the layer class prepares input/output data for  your calculation. To do this, you must tell layer’s constructor what you need.

layer::layer(const std::vector<vector_type>& in_type,
             const std::vector<vector_type>& out_type)





For example, consider calculating fully-connected operation:  y = Wx + b. In this calculation, Input (right hand of this eq) is data x, weight W and bias b. Output  is, of course y. So it’s constructor should pass {data,weight,bias} as input and {data} as output.

// calculate y = Wx + b
class fully_connected : public layer {
public:
    fully_connected(size_t x_size, size_t y_size)
    :layer({vector_type::data,vector_type::weight,vector_type::bias}, // x, W and b
           {vector_type::data}),
     x_size_(x_size),
     y_size_(y_size)
    {}

private:
    size_t x_size_; // number of input elements
    size_t y_size_; // number of output elements
};





the vector_type::data is some input data passed by previous layer, or output data consumed by next layer. vector_type::weight and vector_type::bias represents trainable parameters. The only difference between them is default initialization method: weight is initialized by random value, and bias is initialized by zero-vector (this behaviour can be changed by network::weight_init method). If you need another vector to calculate, vector_type::aux can be used.




Implement virtual method

There are 5 methods to implement. In most case 3 methods are written as one-liner and remaining 2 are essential:


	layer_type


	in_shape


	out_shape


	forward_propagation


	back_propagation





layer_type

Returns name of your layer.

std::string layer_type() const override {
    return "fully-connected";
}








in_shape/out_shape

Returns input/output shapes corresponding to inputs/outputs. Shapes is defined by [width, height, depth]. For example fully-connected layer treats input data as 1-dimensional array, so its shape is [N, 1, 1].

std::vector<shape3d> in_shape() const override {
    // return input shapes
    // order of shapes must be equal to argument of layer constructor
    return { shape3d(x_size_, 1, 1), // x
             shape3d(x_size_, y_size_, 1), // W
             shape3d(y_size_, 1, 1) }; // b
}

std::vector<shape3d> out_shape() const override {
    return { shape3d(y_size_, 1, 1) }; // y
}








forward_propagation

Execute forward calculation in this method.

void forward_propagation(size_t worker_index,
                         const std::vector<vec_t*>& in_data,
                         std::vector<vec_t*>& out_data) override {
    const vec_t& x = *in_data[0]; // it's size is in_shapes()[0] (=[x_size_,1,1])
    const vec_t& W = *in_data[1];
    const vec_t& b = *in_data[2];
    vec_t& y = *out_data[0];

    std::fill(y.begin(), y.end(), 0.0);

    // y = Wx+b
    for (size_t r = 0; r < y_size_; r++) {
        for (size_t c = 0; c < x_size_; c++)
            y[r] += W[r*x_size_+c]*x[c];
        y[r] += b[r];
    }
}





the in_data/out_data is array of input/output data, which is ordered as you told layer’s constructor. The implementation is simple and straightforward, isn’t it?

worker_index is task-id. It is always zero if you run tiny-dnn in single thread. If some class member variables are updated while forward/backward pass, these members must be treated carefully to avoid data race. If their variables are task-independent, your class can hold just N variables and access them by worker_index (you can see this example in max_pooling_layer.h).
input/output data managed by layer base class is task-local, so in_data/out_data is treated as if it is running on single thread.




back propagation

void back_propagation(size_t                index,
                      const std::vector<vec_t*>& in_data,
                      const std::vector<vec_t*>& out_data,
                      std::vector<vec_t*>&       out_grad,
                      std::vector<vec_t*>&       in_grad) override {
    const vec_t& curr_delta = *out_grad[0]; // dE/dy (already calculated in next layer)
    const vec_t& x          = *in_data[0];
    const vec_t& W          = *in_data[1];
    vec_t&       prev_delta = *in_grad[0]; // dE/dx (passed into previous layer)
    vec_t&       dW         = *in_grad[1]; // dE/dW
    vec_t&       db         = *in_grad[2]; // dE/db

    // propagate delta to prev-layer
    for (size_t c = 0; c < x_size_; c++)
        for (size_t r = 0; r < y_size_; r++)
            prev_delta[c] += curr_delta[r] * W[r*x_size_+c];

    // accumulate weight difference
    for (size_t r = 0; r < y_size_; r++)
        for (size_t c = 0; c < x_size_; c++)
            dW[r*x_size_+c] += curr_delta[r] * x[c];

    // accumulate bias difference
    for (size_t r = 0; r < y_size_; r++)
        db[r] += curr_delta[r];
}





the in_data/out_data are just same as forward_propagation, and in_grad/out_grad are its gradient. Order of gradient values are same as in_data/out_data.


Note: Gradient of weight/bias are collected over mini-batch and zero-cleared automatically, so you can’t use assignment operator to these elements (layer will forget previous training data in mini-batch!). like this example, use operator += instead. Gradient of data (prev_delta in the example) may already have meaningful values if two or more layers share this data, so you can’t overwrite this value too.









Verify backward calculation

It is always a good idea to check if your backward implementation is correct. network class provides gradient_check method for this purpose.
Let’s add following lines to test/test_network.h and execute test.

TEST(network, gradient_check_fully_connected) {
    network<sequential> net;
    net << fully_connected(2, 3)
        << fully_connected(3, 2);

    std::vector<tensor_t> in{ tensor_t{ 1, { 0.5, 1.0 } } };
    std::vector<std::vector<label_t>> t = { std::vector<label_t>(1, {1}) };

    EXPECT_TRUE(net.gradient_check<mse>(in, t, 1e-4, GRAD_CHECK_ALL));
}





Congratulations! Now you can use this new class as a tiny-dnn layer.
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tiny-dnn documentation

A built version of documentation is available here [http://tiny-dnn.readthedocs.io/en/latest/index.html].


Local build

You can build html documents in your local machine if you prefer.
Assuming you have python already, install Sphinx and recommonmark at first:

$ pip install sphinx sphinx-autobuild
$ pip install recommonmark






Build on Windows

cd docs
make.bat html








Build on Linux

cd docs
make html
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Writing Custom Activations

This section describes the procedure to extend tiny-dnn and write custom
activation functions. Activations are implemented as separate layers in
tiny-dnn. All the current activation classes inherit activation_layer
class. To form a new activation function, one must create a class and make
it inherit activation_layer.


Declare class

Let’s define a custom activation layer. activation_layer already provides
five types of constructors - which allow setting the dimensions of layer
through constructor arguments.

class my_activation_layer : public activation_layer {
public:
    using activation_layer::activation_layer; 
};





If your activation layer has its own variables, say a scalar alpha, then you
need to form your own constructors. activation_layer already has a member
named in_shape_ of shape3d type, to store the dimensions of layer.

class my_activation_layer : public activation_layer {
public:
    my_activation_layer(const float_t alpha = 1.0,
                        const shape3d& in_shape)
        : alpha_(alpha), activation_layer(in_shape) {};

    // todo ...

    float_t get_alpha() { return alpha; }

private:
    float_t alpha;








Overriding Virtual Methods

The activation_layer class has four virtual methods which every child
class must override. They are the ones outlining the behaviour of our custom
activation.


1. Overriding layer_type

This method returns a string, representing name of the current activation
function.

std::string layer_type() const override {
  return "my-custom-activation";
}








2. Overriding forward_activation

This method contains the main logic of our activation function. It takes
in two vectors passed by reference and fills the second one by applying
activation function to the first one.

For example, let our activation function be simply a scalar multiplication.
The implementation would look like:

void forward_activation(const vec_t &x, vec_t &y) override {
  for (size_t j = 0; j < x.size(); j++) {
    y[j] = alpha * x[j];
  }
}





We could have easily accepted float_t arguments and applied activation
function on one element. But this function would have been called for each
neuron of the layer. Calling a virtual function inside a tight for loop
hurts performance. Hence this is how the method is implemented.Practically, each vec_t here will represent a single flattened Tensor out
of the minibatch of a particular epoch.




3. Overriding backward_activation

This method contains the backward gradient flow of our activation. Gradients
of outputs are accepted as input, along with corresponding output and input
vectors. Gradients of input are filled in-place.

For example, the backward_activation method for our activation function
would look like:

void backward_activation(const vec_t &x,
                         const vec_t &y,
                         vec_t &dx,
                         const vec_t &dy) override {
  for (size_t j = 0; j < x.size(); j++) {
    // dx = dy * (gradient of my activation)
    dx[j] = dy[j] * alpha;
  }
}








4. Overriding scale

This method returns a pair of float_t, denoting the range of target value
for learning.

std::pair<float_t, float_t> scale() const override {
  return std::make_pair(float_t(0.1), float_t(0.9));
};





That’s it ! Your new activation is now ready as a layer of the network. You can
use it easily as:

network<sequential> net;

net << fully_connected_layer(256, 64) << my_activation_layer(64);

// specifying input dimensions is optional if activation layer is not the first
// layer of our network





Note: The information further is optional, if you wish to do some rough temporary
prototyping, you can skip the following content.






Register for Serialization

If you wish to serialize your activation layer, you must add these lines to your
class implementation:

#ifndef CNN_NO_SERIALIZATION
  friend struct serialization_buddy;
#endif





Register a macro at tiny-dnn/util/serialization_layer_list.h [https://github.com/tiny-dnn/tiny-dnn/blob/master/tiny_dnn/util/serialization_layer_list.h]
just like other layers are listed.


1. Create two structs in serialization_functions.h

Both of these should go in cereal namespace.

template <>
struct LoadAndConstruct<tiny_dnn::my_activation_layer> {
  template <class Archive>
  static void load_and_construct(
    Archive &ar, cereal::construct<tiny_dnn::my_activation_layer> &construct) {
    tiny_dnn::shape3d in_shape;
    float_t alpha;

    ar(cereal::make_nvp("in_size", in_shape));
    ar(cereal::make_nvp("alpha", alpha);
    construct(in_shape, alpha);
  }
};

template <class Archive>
struct specialize<Archive,
                  tiny_dnn::my_activation_layer,
                  cereal::specialization::non_member_serialize> {};








2. Add a method in serialization_buddy struct

template <class Archive>
static inline void serialize(Archive &ar, tiny_dnn::my_activation_layer &layer) {
  layer.serialize_prolog(ar);
  ar(cereal::make_nvp("in_size", layer.in_shape()[0]));
  ar(cereal::make_nvp("alpha", layer.get_alpha()));
}








3. Add a wrapper method in serialization_functions.h as well

template <class Archive>
void serialize(Archive &ar, tiny_dnn::my_activation_layer &layer) {
  serialization_buddy::serialize(ar, layer);
}





Now you can get your layer represented in JSON structure of the network, if serialized
by serialization helpers of tiny-dnn.
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