

    
      
          
            
  
Welcome to jdit documentation!





User Guide


	Quick Start

	Build your own trainer






Package Reference


	jdit.dataset

	jdit.model

	jdit.optimizer

	jdit.trainer

	jdit.assessment

	jdit.parallel





Jdit is a research processing oriented framework based on pytorch. Only care about your ideas.
You don’t need to build a long boring code to run a deep learning project to verify your ideas.

You only need to implement you ideas and
don’t do anything with training framework, multiply-gpus, checkpoint, process visualization, performance evaluation and so on.


Quick start

After building and installing jdit package, you can make a new directory for a quick test.
Assuming that you get a new directory example.
run this code in ipython cmd.(Create a main.py file is also acceptable.)

from jdit.trainer.instances.fashionClassification
import start_fashionClassTrainer
start_fashionClassTrainer()





Then you will see something like this as following.

===> Build dataset
use 8 thread
Downloading http://fashion-mnist.s3-website.eu-central-1.amazonaws.com/train-images-idx3-ubyte.gz
Downloading http://fashion-mnist.s3-website.eu-central-1.amazonaws.com/train-labels-idx1-ubyte.gz
Downloading http://fashion-mnist.s3-website.eu-central-1.amazonaws.com/t10k-images-idx3-ubyte.gz
Downloading http://fashion-mnist.s3-website.eu-central-1.amazonaws.com/t10k-labels-idx1-ubyte.gz
Processing...
Done
===> Building model
ResNet Total number of parameters: 2776522
ResNet model use CPU
apply kaiming weight init
===> Building optimizer
===> Training
using `tensorboard --logdir=log` to see learning curves and net structure.
training and valid_epoch data, configures info and checkpoint were save in `log` directory.
  0%|            | 0/10 [00:00<.., ..epoch/s]
0step [00:00, step/s]






	It will search a fashion mnist dataset.


	Then build a resnet18 for classification.


	For training process, you can find learning curves in tensorboard.


	It will create a log directory in example/, which saves training processing data and configures.




Although it is just an example, you still can build your own project easily by using jdit framework.
Jdit framework can deal with
* Data visualization. (learning curves, images in pilot process)
* CPU, GPU or GPUs. (Training your model on specify devices)
* Intermediate data storage. (Saving training data into a csv file)
* Model checkpoint automatically.
* Flexible templates can be used to integrate and custom overrides.
So, let’s see what is jdit.




Indices and tables


	Index


	Module Index


	Search Page







          

      

      

    

  

    
      
          
            
  
Quick Start

You can get a quick start by following these setps.
After building and installing jdit package, you can make a new directory for a quick test.
Assuming that you get a new directory example.
run this code in ipython .(Create a main.py file is also acceptable.)


Fashion-mnist Classification

To start a simple classification task.

from jdit.trainer.instances.fashionClassification import start_fashionClassTrainer
start_fashionClassTrainer()





Then you will see something like this as following.

===> Build dataset
use 8 thread!
Downloading http://fashion-mnist.s3-website.eu-central-1.amazonaws.com/train-images-idx3-ubyte.gz
Downloading http://fashion-mnist.s3-website.eu-central-1.amazonaws.com/train-labels-idx1-ubyte.gz
Downloading http://fashion-mnist.s3-website.eu-central-1.amazonaws.com/t10k-images-idx3-ubyte.gz
Downloading http://fashion-mnist.s3-website.eu-central-1.amazonaws.com/t10k-labels-idx1-ubyte.gz
Processing...
Done!
===> Building model
SimpleModel Total number of parameters: 2776522
ResNet model use CPU!
apply kaiming weight init!
===> Building optimizer
===> Training
using `tensorboard --logdir=log` to see learning curves and net structure.
training and valid_epoch data, configures info and checkpoint were save in `log` directory.
  0%|            | 0/10 [00:00<?, ?epoch/s]
0step [00:00, ?step/s]






	It will search a fashion mnist dataset.


	Then build a simple network for classification.


	For training process, you can find learning curves in tensorboard.


	It will create a log directory in example/, which saves training processing data and configures.






Fashion-mnist Generation GAN

To start a simple generation gan task.

from jdit.trainer.instances import start_fashionGenerateGanTrainer
start_fashionGenerateGanTrainer()





Then you will see something like this as following.

===> Build dataset
use 2 thread!
===> Building model
Discriminator Total number of parameters: 100865
Discriminator model use GPU(0)!
apply kaiming weight init!
Generator Total number of parameters: 951361
Generator model use GPU(0)!
apply kaiming weight init!
===> Building optimizer
===> Training
  0%|          | 0/200 [00:00<?, ?epoch/s]
0step [00:00, ?step/s]





You can get the training processes info from tensorboard and log directory.
It contains:


	Learning curves


	Input and output visualization


	The configures of Model , Trainer , Optimizer, Dataset and Performance in .csv .


	Model checkpoint






Let’s build your own task

Although it is just an example, you still can build your own project easily by using jdit framework.
Jdit framework can deal with


	Data visualization. (learning curves, images in pilot process)


	CPU, GPU or GPUs. (Training your model on specify devices)


	Intermediate data storage. (Saving training data into a csv file)


	Model checkpoint automatically.


	Flexible templates can be used to integrate and custom overrides.




So, Let’s build your own task by using jdit.





          

      

      

    

  

    
      
          
            
  
Build your own trainer

To build your own trainer, you need prepare these sections:


	dataset  This is the datasets which you want to use.


	Model  This is a wrapper of your own pytorch module .


	Optimizer  This is a wrapper of pytorch opt .


	trainer  This is a training pipeline which assemble the sections above.





jdit.dataset

In this section, you should build your own dataset that you want to use following.


Common dataset

For some reasons, many opening dataset are common. So, you can easily build a standard common dataaset.
such as :


	Fashion mnist


	Cifar10


	Lsun




Only one parameters you need to set is batch_shize .
For these common datasets, you only need to reset the batch size.

>>> from jdit.dataset import FashionMNIST
>>> fashion_data = FashionMNIST(batch_shize=64)  # now you get a ``dataset``







Custom dataset

If you want to build a dataset by your own data, you need to inherit the class

jdit.dataset.Dataloaders_factory

and rewrite it’s build_transforms() and build_datasets()
(If you want to use default set, rewrite this is not necessary.)

Following these setps:


	Rewrite your own transforms to self.train_transform_list and self.valid_transform_list. (Not necessary)


	Register your training dataset to self.dataset_train by using self.train_transform_list


	Register your valid_epoch dataset to self.dataset_valid by using self.valid_transform_list




Example:

class FashionMNIST(DataLoadersFactory):
    def __init__(self, root=r'.\datasets\fashion_data', batch_size=128, num_workers=-1):
        super(FashionMNIST, self).__init__(root, batch_size, num_workers)

    def build_transforms(self, resize=32):
        # This is a default set, you can rewrite it.
        self.train_transform_list = self.valid_transform_list = [
            transforms.Resize(resize),
            transforms.ToTensor(),
            transforms.Normalize([0.5, 0.5, 0.5], [0.5, 0.5, 0.5])]

    def build_datasets(self):
        self.dataset_train = datasets.CIFAR10(root, train=True, download=True,
            transform=transforms.Compose(self.train_transform_list))
        self.dataset_valid = datasets.CIFAR10(root, train=False, download=True,
            transform=transforms.Compose(self.valid_transform_list))





For now, you get your own dataset.




Model

In this section, you should build your own network.

First, you need to build a pytorch module like this:

>>> class SimpleModel(nn.Module):
...     def __init__(self):
...         super(SimpleModel, self).__init__()
...         self.layer1 = nn.Linear(32, 64)
...         self.layer2 = nn.Linear(64, 1)
...
...    def forward(self, input):
...        out = self.layer1(input)
...        out = self.layer2(out)
...        return out
>>> network = SimpleModel()






Note

You don’t need to convert it to gpu or using data parallel.
The jdit.Model will do this for you.



Second, wrap your model by using jdit.Model .
Set which gpus you want to use and the weights init method.


Note

For some reasons, the gpu id in pytorch still start from 0.
For this model, it will handel this problem.
If you have gpu [0,1,2,3] , and you only want to use 2,3.
Just set gpu_ids_abs=[2, 3] .



>>> from jdit import Model
>>> network = SimpleModel()
>>> jdit_model = Model(network, gpu_ids_abs=[2,3], init_method="kaiming")
SimpleModel Total number of parameters: 2177
SimpleModel dataParallel use GPUs[2, 3]!
apply kaiming weight init!





For now, you get your own dataset.



Optimizer

In this section, you should build your an optimizer.

Compare with the optimizer in pytorch. This extend a easy function
that can do a learning rate decay and reset.

However, do_lr_decay() will be called every epoch or on certain epoch
at the end automatically.
Actually, you don’ need to do anything to apply learning rate decay.
If you don’t want to decay. Just set lr_decay = 1. or set a decay epoch larger than training epoch.
I will show you how it works and you can implement something special strategies.

   >>> from jdit import Optimizer
   >>> from torch.nn import Linear
   >>> network = Linear(10, 1)
   >>> #set params
   >>> #`optimizer` is equal to pytorch class name (torch.optim.RMSprop).
   >>> hparams = {
   ...     "optimizer" = "RMSprop" ,
   ...     "lr" = 0.001,
   ...     "lr_decay" = 0.5,
   ...     "weight_decay" = 2e-5,
   ...     "momentum" = 0}
   >>> #define optimizer
   >>> opt = Optimizer(network.parameters(),**hparams)
   >>> opt.lr
   0.001
   >>> opt.do_lr_decay()
   >>> opt.lr
   0.0005
   >>> opt.do_lr_decay(reset_lr = 1)
   >>> opt.lr
   1

You can pass a certain name to use it,such "Adam" ,"RMSprop", "SGD".






Note

As for spectrum normalization, the optimizer will filter out the differentiable weights.
So, you don’t need write something like this
filter(lambda p: p.requires_grad, params)
Merely pass the model.parameters()
is enough.



For now, you get an Optimizer.



trainer

For the final section it is a little complex.
It supplies some templates such as SupTrainer GanTrainer ClassificationTrainer and instances .

The inherit relation shape is following:


SupTrainer





ClassificationTrainer





instances.FashionClassTrainer







SupGanTrainer





Pix2pixGanTrainer





instances.CifarPix2pixGanTrainer







GenerateGanTrainer





instances.FashionGenerateGanTrainer













Top level SupTrainer

SupTrainer is the top class of these templates.

It defines some tools to record the log, data visualization and so on.
Besides, it contain a big loop of epoch,
which can be inherited by the second level templates to
fill the contents in each opch training.

Something like this:

def train():
   for epoch in range(nepochs):
       self._record_configs() # record info
       self.train_epoch()
       self.valid_epoch()
       # do learning rate decay
       self._change_lr()
       # save model check point
       self._check_point()
   self.test()





Every method will be rewrite by the second level templates. It only defines a rough framework.



Second level ClassificationTrainer

On this level, the task becomes more clear, a classification task.
We get one model, one optimizer and one dataset
and the data structure is images and labels.
So, to init a ClassificationTrainer.

class ClassificationTrainer(SupTrainer):
    def __init__(self, logdir, nepochs, gpu_ids, net, opt, datasets, num_class):
        super(ClassificationTrainer, self).__init__(nepochs, logdir, gpu_ids_abs)
        self.net = net
        self.opt = opt
        self.datasets = datasets
        self.num_class = num_class
        self.labels = None
        self.output = None





For the next, build a training loop for one epoch.
You must using self.step to record the training step.

def train_epoch(self, subbar_disable=False):
    # display training images every epoch
    self._watch_images(show_imgs_num=3, tag="Train")
    for iteration, batch in tqdm(enumerate(self.datasets.loader_train, 1), unit="step", disable=subbar_disable):
        self.step += 1 # necessary!
        # unzip data from one batch and move to certain device
        self.input, self.ground_truth, self.labels = self.get_data_from_batch(batch, self.device)
        self.output = self.net(self.input)
        # this is defined in SupTrainer.
        # using `self.compute_loss` and `self.opt` to do a backward.
        self._train_iteration(self.opt, self.compute_loss, tag="Train")

@abstractmethod
def compute_loss(self):
    """Compute the main loss and observed variables.
    Rewrite by the next templates.
    """

@abstractmethod
def compute_valid(self):
    """Compute the valid_epoch variables for visualization.
    Rewrite by the next templates.
    """





The compute_loss() and compute_valid should be rewrite in the next template.



Third level FashionClassTrainer

Up to this level every this is clear. So, inherit the ClassificationTrainer
and fill the specify methods.

class FashionClassTrainer(ClassificationTrainer):
    def __init__(self, logdir, nepochs, gpu_ids, net, opt, dataset):
        super(FashionClassTrainer, self).__init__(logdir, nepochs, gpu_ids, net, opt, dataset)
        data, label = self.datasets.samples_train
        # show dataset in tensorboard
        self.watcher.embedding(data, data, label, 1)

    def compute_loss(self):
        var_dic = {}
        var_dic["CEP"] = loss = nn.CrossEntropyLoss()(self.output, self.labels.squeeze().long())
        return loss, var_dic

    def compute_valid(self):
        var_dic = {}
        var_dic["CEP"] = cep = nn.CrossEntropyLoss()(self.output, self.labels.squeeze().long())

        _, predict = torch.max(self.output.detach(), 1)  # 0100=>1  0010=>2
        total = predict.size(0) * 1.0
        labels = self.labels.squeeze().long()
        correct = predict.eq(labels).cpu().sum().float()
        acc = correct / total
        var_dic["ACC"] = acc
        return var_dic





compute_loss() will be called every training step of backward. It returns two values.


	The first one, loss , is main loss which will be implemented loss.backward() to update model weights.


	The second one, var_dic , is a value dictionary which will be visualized on tensorboard and depicted as a curve.




In this example, for compute_loss() it will use loss = nn.CrossEntropyLoss()
to do a backward propagation and visualize it on tensorboard named "CEP".

compute_loss() will be called every validation step. It returns one value.


	The var_dic , is the same thing like var_dic in compute_loss() .





Note

compute_loss() will be called under torch.no_grad() .
So, grads will not be computed in this method. But if you need to get grads,
please use torch.enable_grad() to make grads computation available.



Finally, you get a trainer.

You have got everything. Put them together and train it!

>>> mnist = FashionMNIST(batch_size)
>>> net = Model(SimpleModel(depth=depth), gpu_ids_abs=gpus, init_method="kaiming")
>>> opt = Optimizer(net.parameters(), **hparams)
>>> Trainer = FashionClassTrainer("log", nepochs, gpus, net, opt, mnist, 10)
>>> Trainer.train()










          

      

      

    

  

    
      
          
            
  
jdit.dataset


Dataloaders_factory


	
class jdit.dataset.DataLoadersFactory(root: str, batch_size: int, num_workers=-1, shuffle=True, subdata_size=1)[source]

	This is a super class of dataloader.

It defines same basic attributes and methods.


	For training data: train_dataset, loader_train, nsteps_train .
Others such as valid_epoch and test have the same naming format.


	For transform, you can define your own transforms.


	If you don’t have test set, it will be replaced by valid_epoch dataset.




It will build dataset following these setps:



	build_transforms() To build transforms for training dataset and valid_epoch.
You can rewrite this method for your own transform. It will be used in build_datasets()


	build_datasets() You must rewrite this method to load your own dataset
by passing datasets to self.dataset_train and self.dataset_valid .
self.dataset_test is optional. If you don’t pass a test dataset,
it will be replaced by self.dataset_valid .

Example:

def build_transforms(self, resize=32):
    self.train_transform_list = self.valid_transform_list = [
        transforms.Resize(resize),
        transforms.ToTensor(),
        transforms.Normalize([0.5, 0.5, 0.5], [0.5, 0.5, 0.5])]
# Inherit this class and write this method.
def build_datasets(self):
    self.dataset_train = datasets.CIFAR10(root, train=True, download=True,
        transform=transforms.Compose(self.train_transform_list))
    self.dataset_valid = datasets.CIFAR10(root, train=False, download=True,
        transform=transforms.Compose(self.valid_transform_list))







	build_loaders() It will use dataset, and passed parameters to
build dataloaders for self.loader_train, self.loader_valid and self.loader_test.








	root is the root path of datasets.


	batch_shape is the size of data loader. shape is (Batchsize, Channel, Height, Width)


	num_workers is the number of threads, using to load data.
If you pass -1, it will use the max number of threads, according to your cpu. Default: -1


	shuffle is whether shuffle the data. Default: True





	
build_datasets()[source]

	You must to rewrite this method to load your own datasets.


	self.dataset_train . Assign a training dataset to this.


	self.dataset_valid . Assign a valid_epoch dataset to this.


	self.dataset_test is optional. Assign a test dataset to this.
If not, it will be replaced by self.dataset_valid .




Example:

self.dataset_train = datasets.CIFAR10(root, train=True, download=True,
                                      transform=transforms.Compose(self.train_transform_list))
self.dataset_valid = datasets.CIFAR10(root, train=False, download=True,
                                      transform=transforms.Compose(self.valid_transform_list))










	
build_loaders()[source]

	Build datasets
The previous function self.build_datasets() has created datasets.
Use these datasets to build their’s dataloaders






	
build_transforms(resize: int = 32)[source]

	This will build transforms for training and valid_epoch.

You can rewrite this method to build your own transforms.
Don’t forget to register your transforms to self.train_transform_list and self.valid_transform_list

The following is the default set.

self.train_transform_list = self.valid_transform_list = [
    transforms.Resize(resize),
    transforms.ToTensor(),
    transforms.Normalize([0.5, 0.5, 0.5], [0.5, 0.5, 0.5])]















HandMNIST


	
class jdit.dataset.HandMNIST(root='datasets/hand_data', batch_size=64, num_workers=-1)[source]

	Hand writing mnist dataset.

Example:

>>> data = HandMNIST(r"../datasets/mnist")
use 8 thread!
Downloading http://yann.lecun.com/exdb/mnist/train-images-idx3-ubyte.gz
Downloading http://yann.lecun.com/exdb/mnist/train-labels-idx1-ubyte.gz
Downloading http://yann.lecun.com/exdb/mnist/t10k-images-idx3-ubyte.gz
Downloading http://yann.lecun.com/exdb/mnist/t10k-labels-idx1-ubyte.gz
Processing...
Done!
>>> data.dataset_train
Dataset MNIST
Number of datapoints: 60000
Split: train
Root Location: data
Transforms (if any): Compose(
                         Resize(size=32, interpolation=PIL.Image.BILINEAR)
                         ToTensor()
                         Normalize(mean=[0.5, 0.5, 0.5], std=[0.5, 0.5, 0.5])
                     )
Target Transforms (if any): None
>>> # We don't set test dataset, so they are the same.
>>> data.dataset_valid is data.dataset_test
True
>>> # Number of steps at batch size 128.
>>> data.nsteps_train
469
>>> # Total samples of training datset.
>>> len(data.dataset_train)
60000
>>> # The batch size of sample load is 1. So, we get length of loader is equal to samples amount.
>>> len(data.samples_train)
6000






	
build_datasets()[source]

	Build datasets by using datasets.MNIST in pytorch






	
build_transforms(resize: int = 32)[source]

	This will build transforms for training and valid_epoch.

You can rewrite this method to build your own transforms.
Don’t forget to register your transforms to self.train_transform_list and self.valid_transform_list

The following is the default set.

self.train_transform_list = self.valid_transform_list = [
    transforms.Resize(resize),
    transforms.ToTensor(),
    transforms.Normalize([0.5, 0.5, 0.5], [0.5, 0.5, 0.5])]















FashionMNIST


	
class jdit.dataset.FashionMNIST(root='datasets/fashion_data', batch_size=64, num_workers=-1)[source]

	
	
build_datasets()[source]

	You must to rewrite this method to load your own datasets.


	self.dataset_train . Assign a training dataset to this.


	self.dataset_valid . Assign a valid_epoch dataset to this.


	self.dataset_test is optional. Assign a test dataset to this.
If not, it will be replaced by self.dataset_valid .




Example:

self.dataset_train = datasets.CIFAR10(root, train=True, download=True,
                                      transform=transforms.Compose(self.train_transform_list))
self.dataset_valid = datasets.CIFAR10(root, train=False, download=True,
                                      transform=transforms.Compose(self.valid_transform_list))










	
build_transforms(resize: int = 32)[source]

	This will build transforms for training and valid_epoch.

You can rewrite this method to build your own transforms.
Don’t forget to register your transforms to self.train_transform_list and self.valid_transform_list

The following is the default set.

self.train_transform_list = self.valid_transform_list = [
    transforms.Resize(resize),
    transforms.ToTensor(),
    transforms.Normalize([0.5, 0.5, 0.5], [0.5, 0.5, 0.5])]















Cifar10


	
class jdit.dataset.Cifar10(root='datasets/cifar10', batch_size=32, num_workers=-1)[source]

	
	
build_datasets()[source]

	You must to rewrite this method to load your own datasets.


	self.dataset_train . Assign a training dataset to this.


	self.dataset_valid . Assign a valid_epoch dataset to this.


	self.dataset_test is optional. Assign a test dataset to this.
If not, it will be replaced by self.dataset_valid .




Example:

self.dataset_train = datasets.CIFAR10(root, train=True, download=True,
                                      transform=transforms.Compose(self.train_transform_list))
self.dataset_valid = datasets.CIFAR10(root, train=False, download=True,
                                      transform=transforms.Compose(self.valid_transform_list))















Lsun


	
class jdit.dataset.Lsun(root, batch_size=32, num_workers=-1)[source]

	
	
build_datasets()[source]

	You must to rewrite this method to load your own datasets.


	self.dataset_train . Assign a training dataset to this.


	self.dataset_valid . Assign a valid_epoch dataset to this.


	self.dataset_test is optional. Assign a test dataset to this.
If not, it will be replaced by self.dataset_valid .




Example:

self.dataset_train = datasets.CIFAR10(root, train=True, download=True,
                                      transform=transforms.Compose(self.train_transform_list))
self.dataset_valid = datasets.CIFAR10(root, train=False, download=True,
                                      transform=transforms.Compose(self.valid_transform_list))










	
build_transforms(resize: int = 32)[source]

	This will build transforms for training and valid_epoch.

You can rewrite this method to build your own transforms.
Don’t forget to register your transforms to self.train_transform_list and self.valid_transform_list

The following is the default set.

self.train_transform_list = self.valid_transform_list = [
    transforms.Resize(resize),
    transforms.ToTensor(),
    transforms.Normalize([0.5, 0.5, 0.5], [0.5, 0.5, 0.5])]















get_mnist_dataloaders


	
jdit.dataset.get_mnist_dataloaders(root='..\\data', batch_size=128)[source]

	MNIST dataloader with (32, 32) sized images.







get_fashion_mnist_dataloaders


	
jdit.dataset.get_fashion_mnist_dataloaders(root='.\\dataset\\fashion_data', batch_size=128, resize=32, transform_list=None, num_workers=-1)[source]

	Fashion MNIST dataloader with (32, 32) sized images.







get_lsun_dataloader


	
jdit.dataset.get_lsun_dataloader(path_to_data='/data/dgl/LSUN', dataset='bedroom_train', batch_size=64)[source]

	LSUN dataloader with (128, 128) sized images.


	path_to_datastr

	One of ‘bedroom_val’ or ‘bedroom_train’













          

      

      

    

  

    
      
          
            
  
jdit.model


Model


	
class jdit.Model(proto_model: <Mock name='mock.Module' id='140662772598992'>, gpu_ids_abs: Union[list, tuple] = (), init_method: Union[str, function, None] = 'kaiming', show_structure=False, check_point_pos=None, verbose=True)[source]

	A warapper of pytorch module .

In the simplest case, we use a raw pytorch module to assemble a Model of this class.
It can be more convenient to use some feather method, such _check_point , load_weights and so on.


	proto_model is the core model in this class.
It is no necessary to passing a module when you init a Model .
You can build a model later by using Model.define(module) or load a model from a file.


	gpu_ids_abs controls the gpus which you want to use. you should use a absolute id of gpus.


	init_method controls the weights init method.



	At init_method=”xavier”, it will use init.xavier_normal_ ,
in pytorch.nn.init , to init the Conv layers of model.


	At init_method=”kaiming”, it will use init.kaiming_normal_ ,
in pytorch.nn.init , to init the Conv layers of model.


	At init_method=your_own_method, it will be used on weights,
just like what pytorch.nn.init method does.









	show_structure controls whether to show your network structure.





Note

Don’t try to pass a DataParallel model. Only module is accessible.
It will change to DataParallel class automatically by passing a muti-gpus ids, like [0, 1] .




Note

gpu_ids_abs must be a tuple or list. If you want to use cpu, just passing an ampty list like [] .




	Args:

	proto_model (module): A pytroch module. Default: None

gpu_ids_abs (tuple or list): The absolute id of gpus. if [] using cpu. Default: ()

init_method (str or def): Weights init method. Default: "Kaiming"

show_structure (bool): Is the structure shown. Default: False



	Attributes:

	num_params (int): The totals amount of weights in this model.

gpu_ids_abs (list or tuple): Which device is this model on.





Examples:

>>> from torch.nn import Sequential, Conv3d
>>> # using a square kernels and equal stride
>>> module = Sequential(Conv3d(16, 33, (3, 5, 2), stride=(2, 1, 1), padding=(4, 2, 0)))
>>> # using cpu to init a Model by module.
>>> net = Model(module, [], show_structure=False)
Sequential Total number of parameters: 15873
Sequential model use CPU!
apply kaiming weight init!
>>> input_tensor = torch.randn(20, 16, 10, 50, 100)
>>> output = net(input_tensor)






	
convert_to_distributed(device_ids=None, output_device=None, dim=0, broadcast_buffers=True, process_group=None, bucket_cap_mb=25, find_unused_parameters=False, check_reduction=False)[source]

	Args:
module (Module): module to be parallelized
device_ids (list of int or torch.device): CUDA devices. This should


only be provided when the input module resides on a single
CUDA device. For single-device modules, the i``th
:attr:`module` replica is placed on ``device_ids[i]. For
multi-device modules and CPU modules, device_ids must be None
or an empty list, and input data for the forward pass must be
placed on the correct device. (default: all devices for
single-device modules)





	output_device (int or torch.device): device location of output for

	single-device CUDA modules. For multi-device modules and
CPU modules, it must be None, and the module itself
dictates the output location. (default: device_ids[0] for
single-device modules)



	broadcast_buffers (bool): flag that enables syncing (broadcasting) buffers of

	the module at beginning of the forward function.
(default: True)



	process_group: the process group to be used for distributed data

	all-reduction. If None, the default process group, which
is created by `torch.distributed.init_process_group`,
will be used. (default: None)



	bucket_cap_mb: DistributedDataParallel will bucket parameters into

	multiple buckets so that gradient reduction of each
bucket can potentially overlap with backward computation.
bucket_cap_mb controls the bucket size in MegaBytes (MB)
(default: 25)



	find_unused_parameters (bool): Traverse the autograd graph of all tensors

	contained in the return value of the wrapped
module’s forward function.
Parameters that don’t receive gradients as
part of this graph are preemptively marked
as being ready to be reduced.
(default: False)



	check_reduction: when setting to True, it enables DistributedDataParallel

	to automatically check if the previous iteration’s
backward reductions were successfully issued at the
beginning of every iteration’s forward function.
You normally don’t need this option enabled unless you
are observing weird behaviors such as different ranks
are getting different gradients, which should not
happen if DistributedDataParallel is correctly used.
(default: False)





Attributes:
module (Module): the module to be parallelized

Example:

>>> torch.distributed.init_process_group(backend='nccl', world_size=4, init_method='...')
>>> net.convert_to_distributed(pg)
>>> # same thing
>>> net.model = torch.nn.DistributedDataParallel(net.model, pg)










	
static count_params(proto_model: <Mock name='mock.Module' id='140662772598992'>)[source]

	count the total parameters of model.


	Parameters

	proto_model – pytorch module



	Returns

	number of parameters










	
define(proto_model: <Mock name='mock.Module' id='140662772598992'>, gpu_ids_abs: Union[list, tuple], init_method: Union[str, function, None], show_structure: bool)[source]

	Define and wrap a pytorch module, according to CPU, GPU and multi-GPUs.


	Print the module’s info.


	Move this module to specify device.


	Apply weight init method.





	Parameters

	
	proto_model – Network, type of module.


	gpu_ids_abs – Be used GPUs’ id, type of tuple or list. If not use GPU, pass ().


	init_method – init weights method(“kaiming”) or False don’t use any init.


	show_structure – If print structure of model.













	
load_point(model_name: str, epoch: int, logdir='log')[source]

	load model and weights from a certain checkpoint.

this method is cooperate with method self.chechPoint()






	
load_weights(weights: Union[dict, str], strict=True)[source]

	Assemble a model and weights from paths or passing parameters.

You can load a model from a file, passing parameters or both.


	Parameters

	
	weights – Pytorch weights or weights file path.


	strict – The same function in pytorch model.load_state_dict(weights,strict = strict) .
default:True






	Returns

	module





Example:

>>> from torchvision.models.resnet import resnet18
>>> model = Model(resnet18())
ResNet Total number of parameters: 11689512
ResNet model use CPU!
apply kaiming weight init!
>>> model.save_weights("model.pth",)
try to remove 'module.' in keys of weights dict...
>>> model.load_weights("model.pth", True)
Try to remove `moudle.` to keys of weights dict










	
print_network(proto_model: <Mock name='mock.Module' id='140662772598992'>, show_structure=False)[source]

	Print total number of parameters and structure of network


	Parameters

	
	proto_model – Pytorch module


	show_structure – If show network’s structure. default: False






	Returns

	Total number of parameters










	
save_weights(weights_path: str, fix_weights=True)[source]

	Save a model and weights to files.

You can save a model, weights or both to file.


Note

This method deal well with different devices on model saving.
You don’ need to care about which devices your model have saved.




	Parameters

	
	weights_path – Pytorch weights or weights file path.


	fix_weights – If this is true, it will remove the ‘.module’ in keys, when you save a DataParallel.
without any moving operation. Otherwise, it will move to cpu, especially in DataParallel.
default:False








Example:

>>> from torch.nn import Linear
>>> model = Model(Linear(10,1))
Linear Total number of parameters: 11
Linear model use CPU!
apply kaiming weight init!
>>> model.save_weights("weights.pth")
try to remove 'module.' in keys of weights dict...
>>> model.load_weights("weights.pth")
Try to remove `moudle.` to keys of weights dict

















          

      

      

    

  

    
      
          
            
  
jdit.optimizer


Optimizer


	
class jdit.Optimizer(params: parameters of model, optimizer: [Adam,RMSprop,SGD...], lr_decay: float = 1.0, decay_position: Union[int, tuple, list] = -1, lr_reset: Dict[int, float] = None, position_type: ('epoch','step') = 'epoch', **kwargs)[source]

	This is a wrapper of optimizer class in pytorch.

We add something new features in order to feather control the optimizer.


	params is the parameters of model which need to be updated.
It will use a filter to get all the parameters that required grad automatically.
Like this

filter(lambda p: p.requires_grad, params)

So, you can passing model.all_params() without any filters.



	learning rate decay When calling do_lr_decay(),
it will do a learning rate decay. like:


\[lr = lr * decay\]



	learning rate reset . Reset learning rate, it can change learning rate and decay directly.





	Parameters

	
	params – parameters of model, which need to be updated.


	optimizer – An optimizer classin pytorch, such as torch.optim.Adam.


	lr_decay – learning rate decay. Default: 0.92.


	decay_at_epoch – The position of applying lr decay. Default: None.


	decay_at_step – learning rate decay. Default: None


	kwargs – pass hyper-parameters to optimizer, such as lr , betas , weight_decay .






	Returns

	





Args:


params (dict): parameters of model, which need to be updated.

optimizer (torch.optim.Optimizer): An optimizer classin pytorch, such as torch.optim.Adam

lr_decay (float, optional): learning rate decay. Default: 0.92

decay_position (int, list, optional): The decaly position of lr. Default: None

lr_reset (Dict[position(int), lr(float)] ): Reset learning at a certain position. Default: None

position_type (‘epoch’,’step’): Position type. Default: None

**kwargs : pass hyper-parameters to optimizer, such as lr , betas , weight_decay .




Example:

>>> from torch.nn import Sequential, Conv3d
>>> from torch.optim import Adam
>>> module = Sequential(Conv3d(16, 33, (3, 5, 2), stride=(2, 1, 1), padding=(4, 2, 0)))
>>> opt = Optimizer(module.parameters() ,"Adam", 0.5, 10, {4:0.99},"epoch", lr=1.0, betas=(0.9, 0.999),
weight_decay=1e-5)
>>> print(opt)
(Adam (
Parameter Group 0
    amsgrad: False
    betas: (0.9, 0.999)
    eps: 1e-08
    lr: 1.0
    weight_decay: 1e-05
)
    lr_decay:0.5
    decay_position:10
    lr_reset:{4: 0.99}
    position_type:epoch
))
>>> opt.lr
1.0
>>> opt.lr_decay
0.5
>>> opt.do_lr_decay()
>>> opt.lr
0.5
>>> opt.do_lr_decay(reset_lr=1)
>>> opt.lr
1
>>> opt.opt
Adam (
Parameter Group 0
    amsgrad: False
    betas: (0.9, 0.999)
    eps: 1e-08
    lr: 1
    weight_decay: 1e-05
)
>>> opt.is_decay_lr(1)
False
>>> opt.is_decay_lr(10)
True
>>> opt.is_decay_lr(20)
True
>>> opt.is_reset_lr(4)
0.99
>>> opt.is_reset_lr(5)
False






	
do_lr_decay(reset_lr_decay: float = None, reset_lr: float = None)[source]

	Do learning rate decay, or reset them.


	Passing parameters both None:

	Do a learning rate decay by self.lr = self.lr * self.lr_decay .



	Passing parameters reset_lr_decay or reset_lr:

	Do a learning rate or decay reset. by
self.lr = reset_lr
self.lr_decay = reset_lr_decay






	Parameters

	
	reset_lr_decay – if not None, use this value to reset self.lr_decay. Default: None.


	reset_lr – if not None, use this value to reset self.lr. Default: None.






	Returns

	










	
is_decay_lr(position: Optional[int]) → bool[source]

	Judge if use learning decay on this position.


	Parameters

	position – (int) A position of step or epoch.



	Returns

	bool










	
is_reset_lr(position: Optional[int]) → bool[source]

	Judge if use learning decay on this position.


	Parameters

	position – (int) A position of step or epoch.



	Returns

	bool

















          

      

      

    

  

    
      
          
            
  
jdit.trainer


SupTrainer


	
class jdit.trainer.SupTrainer(nepochs: int, logdir: str, gpu_ids_abs: Union[list, tuple] = ())[source]

	this is a super class of all trainers

It defines:
* The basic tools, Performance(), Watcher(), Loger().
* The basic loop of epochs.
* Learning rate decay and model check point.


	
debug()[source]

	Debug the trainer.

It will check the function


	self._record_configs() save all module’s configures.


	self.train_epoch() train one epoch with several samples. So, it is vary fast.


	self.valid_epoch() valid one epoch using dataset_valid.


	self._change_lr() do learning rate change.


	self._check_point() do model check point.


	self.test() do test by using dataset_test.




Before debug, it will reset the datasets and only pick up several samples to do fast test.
For test, it build a log_debug directory to save the log.


	Returns

	bool. It will return True, if passes all the tests.










	
dist_train(process_bar_header: str = None, process_bar_position: int = None, subbar_disable=False, record_configs=True, show_network=False, **kwargs)[source]

	The main training loop of epochs.


	Parameters

	
	process_bar_header – The tag name of process bar header,
which is used in tqdm(desc=process_bar_header)


	process_bar_position – The process bar’s position. It is useful in multitask,
which is used in tqdm(position=process_bar_position)


	subbar_disable – If show the info of every training set,


	record_configs – If record the training processing data.


	show_network – If show the structure of network. It will cost extra memory,


	kwargs – Any other parameters that passing to tqdm() to control the behavior of process bar.













	
get_data_from_batch(batch_data: list, device: <Mock name='mock.device' id='140662772174632'>)[source]

	Split your data from one batch data to specify .
If your dataset return something like

return input_data, label.

It means that two values need unpack.
So, you need to split the batch data into two parts, like this

input, ground_truth = batch_data[0], batch_data[1]


Caution

Don’t forget to move these data to device, by using input.to(device) .




	Parameters

	
	batch_data – One batch data from dataloader.


	device – the device that data will be located.






	Returns

	The certain variable with correct device location.





Example:

# load and unzip the data from one batch tuple (input, ground_truth)
input, ground_truth = batch_data[0], batch_data[1]
# move these data to device
return input.to(device), ground_truth.to(device)










	
plot_graphs_lazy()[source]

	Plot model graph on tensorboard.
To plot all models graphs in trainer, by using variable name as model name.


	Returns

	










	
train(process_bar_header: str = None, process_bar_position: int = None, subbar_disable=False, record_configs=True, show_network=False, **kwargs)[source]

	The main training loop of epochs.


	Parameters

	
	process_bar_header – The tag name of process bar header,
which is used in tqdm(desc=process_bar_header)


	process_bar_position – The process bar’s position. It is useful in multitask,
which is used in tqdm(position=process_bar_position)


	subbar_disable – If show the info of every training set,


	record_configs – If record the training processing data.


	show_network – If show the structure of network. It will cost extra memory,


	kwargs – Any other parameters that passing to tqdm() to control the behavior of process bar.













	
train_epoch(subbar_disable=False)[source]

	You get train loader and do a loop to deal with data.


Caution

You must record your training step on self.step in your loop by doing things like this self.step +=
1.



Example:

for iteration, batch in tqdm(enumerate(self.datasets.loader_train, 1)):
    self.step += 1
    self.input_cpu, self.ground_truth_cpu = self.get_data_from_batch(batch, self.device)
    self._train_iteration(self.opt, self.compute_loss, tag="Train")






	Returns

	















Single Model Trainer


SupSingleModelTrainer


	
class jdit.trainer.SupSingleModelTrainer(logdir, nepochs, gpu_ids_abs, net: jdit.model.Model, opt: jdit.optimizer.Optimizer, datasets: jdit.dataset.DataLoadersFactory)[source]

	This is a Single Model Trainer.
It means you only have one model.


input, gound_truth
output = model(input)
loss(output, gound_truth)





	
compute_loss() -> (<Mock name='mock.Tensor' id='140662767683008'>, <class 'dict'>)[source]

	Rewrite this method to compute your own loss Discriminator.
Use self.input, self.output and self.ground_truth to compute loss.
You should return a loss for the first position.
You can return a dict of loss that you want to visualize on the second position.like

Example:

var_dic = {}
var_dic["LOSS"] = loss_d = (self.output ** 2 - self.groundtruth ** 2) ** 0.5
return: loss, var_dic










	
compute_valid() → dict[source]

	Rewrite this method to compute your validation values.
Use self.input, self.output and self.ground_truth to compute valid loss.
You can return a dict of validation values that you want to visualize.

Example:

# It will do the same thing as ``compute_loss()``
var_dic, _ = self.compute_loss()
return var_dic










	
get_data_from_batch(batch_data: list, device: <Mock name='mock.device' id='140662772174632'>)[source]

	Load and wrap data from the data lodaer.


Split your one batch data to specify variable.

Example:

# batch_data like this [input_Data, ground_truth_Data]
input_cpu, ground_truth_cpu = batch_data[0], batch_data[1]
# then move them to device and return them
return input_cpu.to(self.device), ground_truth_cpu.to(self.device)









	Parameters

	
	batch_data – one batch data load from DataLoader


	device – A device variable. torch.device






	Returns

	input Tensor, ground_truth Tensor










	
train_epoch(subbar_disable=False)[source]

	You get train loader and do a loop to deal with data.


Caution

You must record your training step on self.step in your loop by doing things like this self.step +=
1.



Example:

for iteration, batch in tqdm(enumerate(self.datasets.loader_train, 1)):
    self.step += 1
    self.input_cpu, self.ground_truth_cpu = self.get_data_from_batch(batch, self.device)
    self._train_iteration(self.opt, self.compute_loss, tag="Train")






	Returns

	










	
valid_epoch()[source]

	Validate model each epoch.

It will be called each epoch, when training finish.
So, do same verification here.

Example:

avg_dic: dict = {}
self.net.eval()
for iteration, batch in enumerate(self.datasets.loader_valid, 1):


self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
with torch.no_grad():


self.output = self.net(self.input)
dic: dict = self.compute_valid()





	if avg_dic == {}:

	avg_dic: dict = dic



	else:

	
	for key in dic.keys():

	avg_dic[key] += dic[key]













	for key in avg_dic.keys():

	avg_dic[key] = avg_dic[key] / self.datasets.nsteps_valid





self.watcher.scalars(avg_dic, self.step, tag=”Valid”)
self.loger.write(self.step, self.current_epoch, avg_dic, “Valid”, header=self.step <= 1)
self._watch_images(tag=”Valid”)
self.net.train()











ClassificationTrainer


	
class jdit.trainer.ClassificationTrainer(logdir, nepochs, gpu_ids, net, opt, datasets, num_class)[source]

	this is a classification trainer.


	
compute_loss()[source]

	Compute the main loss and observed values.

Compute the loss and other values shown in tensorboard scalars visualization.
You should return a main loss for doing backward propagation.

So, if you want some values visualized. Make a dict() with key name is the variable’s name.
The training logic is :


self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
self.output = self.net(self.input)
self._train_iteration(self.opt, self.compute_loss, csv_filename=”Train”)




So, you have self.net, self.input, self.output, self.ground_truth to compute your own loss here.


Note

Only the main loss will do backward propagation, which is the first returned variable.
If you have the joint loss, please add them up and return one main loss.




Note

All of your variables in returned dict() will never do backward propagation with model.train().
However, It still compute grads, without using with torch.autograd.no_grad().
So, you can compute any grads variables for visualization.



Example:

var_dic = {}
labels = self.ground_truth.squeeze().long()
var_dic["MSE"] = loss = nn.MSELoss()(self.output, labels)
return loss, var_dic










	
compute_valid()[source]

	Compute the valid_epoch variables for visualization.

Compute the validations.
For the validations will only be used in tensorboard scalars visualization.
So, if you want some variables visualized. Make a dict() with key name is the variable’s name.
You have self.net, self.input, self.output, self.ground_truth to compute your own validations here.


Note

All of your variables in returned dict() will never do backward propagation with model.eval().
However, It still compute grads, without using with torch.autograd.no_grad().
So, you can compute some grads variables for visualization.




	Example::

	var_dic = {}
labels = self.ground_truth.squeeze().long()
var_dic[“CEP”] = nn.CrossEntropyLoss()(self.output, labels)
return var_dic










	
get_data_from_batch(batch_data, device)[source]

	If you have different behavior. You need to rewrite thisd method and the method sllf.train_epoch()


	Parameters

	
	batch_data – A Tensor loads from dataset


	device – compute device






	Returns

	Tensors,










	
valid_epoch()[source]

	Validate model each epoch.

It will be called each epoch, when training finish.
So, do same verification here.

Example:

avg_dic: dict = {}
self.net.eval()
for iteration, batch in enumerate(self.datasets.loader_valid, 1):


self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
with torch.no_grad():


self.output = self.net(self.input)
dic: dict = self.compute_valid()





	if avg_dic == {}:

	avg_dic: dict = dic



	else:

	
	for key in dic.keys():

	avg_dic[key] += dic[key]













	for key in avg_dic.keys():

	avg_dic[key] = avg_dic[key] / self.datasets.nsteps_valid





self.watcher.scalars(avg_dic, self.step, tag=”Valid”)
self.loger.write(self.step, self.current_epoch, avg_dic, “Valid”, header=self.step <= 1)
self._watch_images(tag=”Valid”)
self.net.train()











AutoEncoderTrainer


	
class jdit.trainer.AutoEncoderTrainer(logdir, nepochs, gpu_ids, net, opt, datasets)[source]

	this is a autoencoder-decoder trainer. Image to Image


	
compute_loss()[source]

	Compute the main loss and observed values.

Compute the loss and other values shown in tensorboard scalars visualization.
You should return a main loss for doing backward propagation.

So, if you want some values visualized. Make a dict() with key name is the variable’s name.
The training logic is :


self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
self.output = self.net(self.input)
self._train_iteration(self.opt, self.compute_loss, csv_filename=”Train”)




So, you have self.net, self.input, self.output, self.ground_truth to compute your own loss here.


Note

Only the main loss will do backward propagation, which is the first returned variable.
If you have the joint loss, please add them up and return one main loss.




Note

All of your variables in returned dict() will never do backward propagation with model.train().
However, It still compute grads, without using with torch.autograd.no_grad().
So, you can compute any grads variables for visualization.



Example:

var_dic = {}
var_dic["CEP"] = loss = nn.MSELoss(reduction="mean")(self.output, self.ground_truth)
return loss, var_dic










	
compute_valid()[source]

	Compute the valid_epoch variables for visualization.

Compute the caring variables.
For the caring variables will only be used in tensorboard scalars visualization.
So, if you want some variables visualized. Make a dict() with key name is the variable’s name.


Note

All of your variables in returned dict() will never do backward propagation with model.eval().
However, It still compute grads, without using with torch.autograd.no_grad().
So, you can compute some grads variables for visualization.




	Example::

	var_dic = {}
var_dic[“CEP”] = loss = nn.MSELoss(reduction=”mean”)(self.output, self.ground_truth)
return var_dic










	
get_data_from_batch(batch_data, device)[source]

	If you have different behavior. You need to rewrite thisd method and the method sllf.train_epoch()


	Parameters

	
	batch_data – A Tensor loads from dataset


	device – compute device






	Returns

	Tensors,










	
valid_epoch()[source]

	Validate model each epoch.

It will be called each epoch, when training finish.
So, do same verification here.

Example:

avg_dic: dict = {}
self.net.eval()
for iteration, batch in enumerate(self.datasets.loader_valid, 1):


self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
with torch.no_grad():


self.output = self.net(self.input)
dic: dict = self.compute_valid()





	if avg_dic == {}:

	avg_dic: dict = dic



	else:

	
	for key in dic.keys():

	avg_dic[key] += dic[key]













	for key in avg_dic.keys():

	avg_dic[key] = avg_dic[key] / self.datasets.nsteps_valid





self.watcher.scalars(avg_dic, self.step, tag=”Valid”)
self.loger.write(self.step, self.current_epoch, avg_dic, “Valid”, header=self.step <= 1)
self._watch_images(tag=”Valid”)
self.net.train()












Generative Adversarial Networks Trainer


SupGanTrainer


	
class jdit.trainer.SupGanTrainer(logdir, nepochs, gpu_ids_abs, netG: jdit.model.Model, netD: jdit.model.Model, optG: jdit.optimizer.Optimizer, optD: jdit.optimizer.Optimizer, datasets: jdit.dataset.DataLoadersFactory)[source]

	
	
compute_d_loss() -> (<Mock name='mock.Tensor' id='140662767683008'>, <class 'dict'>)[source]

	Rewrite this method to compute your own loss Discriminator.

You should return a loss for the first position.
You can return a dict of loss that you want to visualize on the second position.like

Example:

d_fake = self.netD(self.fake.detach())
d_real = self.netD(self.ground_truth)
var_dic = {}
var_dic["GP"] = gp = gradPenalty(self.netD, self.ground_truth, self.fake, input=self.input,
                                 use_gpu=self.use_gpu)
var_dic["WD"] = w_distance = (d_real.mean() - d_fake.mean()).detach()
var_dic["LOSS_D"] = loss_d = d_fake.mean() - d_real.mean() + gp + sgp
return: loss_d, var_dic










	
compute_g_loss() -> (<Mock name='mock.Tensor' id='140662767683008'>, <class 'dict'>)[source]

	Rewrite this method to compute your own loss of Generator.

You should return a loss for the first position.
You can return a dict of loss that you want to visualize on the second position.like

Example:

d_fake = self.netD(self.fake)
var_dic = {}
var_dic["JC"] = jc = jcbClamp(self.netG, self.input, use_gpu=self.use_gpu)
var_dic["LOSS_D"] = loss_g = -d_fake.mean() + jc
return: loss_g, var_dic










	
compute_valid() → dict[source]

	Rewrite this method to compute your validation values.

You can return a dict of validation values that you want to visualize.

Example:

# It will do the same thing as ``compute_g_loss()`` and ``self.compute_d_loss()``
g_loss, _ = self.compute_g_loss()
d_loss, _ = self.compute_d_loss()
var_dic = {"LOSS_D": d_loss, "LOSS_G": g_loss}
return var_dic










	
d_turn = 1

	The training times of Discriminator every ones Generator training.






	
get_data_from_batch(batch_data: list, device: <Mock name='mock.device' id='140662772174632'>)[source]

	Load and wrap data from the data lodaer.


Split your one batch data to specify variable.

Example:

# batch_data like this [input_Data, ground_truth_Data]
input_cpu, ground_truth_cpu = batch_data[0], batch_data[1]
# then move them to device and return them
return input_cpu.to(self.device), ground_truth_cpu.to(self.device)









	Parameters

	
	batch_data – one batch data load from DataLoader


	device – A device variable. torch.device






	Returns

	input Tensor, ground_truth Tensor










	
train_epoch(subbar_disable=False)[source]

	You get train loader and do a loop to deal with data.


Caution

You must record your training step on self.step in your loop by doing things like this self.step +=
1.



Example:

for iteration, batch in tqdm(enumerate(self.datasets.loader_train, 1)):
    self.step += 1
    self.input_cpu, self.ground_truth_cpu = self.get_data_from_batch(batch, self.device)
    self._train_iteration(self.opt, self.compute_loss, tag="Train")






	Returns

	










	
valid_epoch()[source]

	Validate model each epoch.

It will be called each epoch, when training finish.
So, do same verification here.

Example:

avg_dic: dict = {}
self.netG.eval()
self.netD.eval()
# Load data from loader_valid.
for iteration, batch in enumerate(self.datasets.loader_valid, 1):
    self.input, self.ground_truth = self.get_data_from_batch(batch)
    with torch.no_grad():
        self.fake = self.netG(self.input)
        # You can write this function to apply your computation.
        dic: dict = self.compute_valid()
    if avg_dic == {}:
        avg_dic: dict = dic
    else:
        for key in dic.keys():
            avg_dic[key] += dic[key]

for key in avg_dic.keys():
    avg_dic[key] = avg_dic[key] / self.datasets.nsteps_valid

self.watcher.scalars(avg_dic, self.step, tag="Valid")
self._watch_images(tag="Valid")
self.netG.train()
self.netD.train()















Pix2pixGanTrainer


	
class jdit.trainer.Pix2pixGanTrainer(logdir, nepochs, gpu_ids_abs, netG, netD, optG, optD, datasets)[source]

	
	
compute_d_loss()[source]

	Rewrite this method to compute your own loss Discriminator.

You should return a loss for the first position.
You can return a dict of loss that you want to visualize on the second position.like
The training logic is :


self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
self.fake = self.netG(self.input)
self._train_iteration(self.optD, self.compute_d_loss, csv_filename=”Train_D”)
if (self.step % self.d_turn) == 0:


self._train_iteration(self.optG, self.compute_g_loss, csv_filename=”Train_G”)







So, you use self.input , self.ground_truth, self.fake, self.netG, self.optD to compute loss.
Example:

d_fake = self.netD(self.fake.detach())
d_real = self.netD(self.ground_truth)
var_dic = {}
var_dic["LS_LOSSD"] = loss_d = 0.5 * (torch.mean((d_real - 1) ** 2) + torch.mean(d_fake ** 2))
return loss_d, var_dic










	
compute_g_loss()[source]

	Rewrite this method to compute your own loss of Generator.

You should return a loss for the first position.
You can return a dict of loss that you want to visualize on the second position.like
The training logic is :


self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
self.fake = self.netG(self.input)
self._train_iteration(self.optD, self.compute_d_loss, csv_filename=”Train_D”)
if (self.step % self.d_turn) == 0:


self._train_iteration(self.optG, self.compute_g_loss, csv_filename=”Train_G”)







So, you use self.input , self.ground_truth, self.fake, self.netG, self.optD to compute loss.
Example:

d_fake = self.netD(self.fake, self.input)
var_dic = {}
var_dic["LS_LOSSG"] = loss_g = 0.5 * torch.mean((d_fake - 1) ** 2)
return loss_g, var_dic










	
compute_valid()[source]

	Rewrite this method to compute valid_epoch values.

You can return a dict of values that you want to visualize.


Note

This method is under torch.no_grad():. So, it will never compute grad.
If you want to compute grad, please use torch.enable_grad(): to wrap your operations.



Example:

d_fake = self.netD(self.fake.detach())
d_real = self.netD(self.ground_truth)
var_dic = {}
var_dic["WD"] = w_distance = (d_real.mean() - d_fake.mean()).detach()
return var_dic










	
get_data_from_batch(batch_data: list, device: <Mock name='mock.device' id='140662772174632'>)[source]

	Load and wrap data from the data lodaer.


Split your one batch data to specify variable.

Example:

# batch_data like this [input_Data, ground_truth_Data]
input_cpu, ground_truth_cpu = batch_data[0], batch_data[1]
# then move them to device and return them
return input_cpu.to(self.device), ground_truth_cpu.to(self.device)









	Parameters

	
	batch_data – one batch data load from DataLoader


	device – A device variable. torch.device






	Returns

	input Tensor, ground_truth Tensor










	
test()[source]

	Test your model when you finish all epochs.

This method will call when all epochs finish.

Example:

for index, batch in enumerate(self.datasets.loader_test, 1):
    # For test only have input without groundtruth
    input = batch.to(self.device)
    self.netG.eval()
    with torch.no_grad():
        fake = self.netG(input)
    self.watcher.image(fake, self.current_epoch, tag="Test/fake", grid_size=(4, 4), shuffle=False)
self.netG.train()










	
valid_epoch()[source]

	Validate model each epoch.

It will be called each epoch, when training finish.
So, do same verification here.

Example:

avg_dic: dict = {}
self.netG.eval()
self.netD.eval()
# Load data from loader_valid.
for iteration, batch in enumerate(self.datasets.loader_valid, 1):
    self.input, self.ground_truth = self.get_data_from_batch(batch)
    with torch.no_grad():
        self.fake = self.netG(self.input)
        # You can write this function to apply your computation.
        dic: dict = self.compute_valid()
    if avg_dic == {}:
        avg_dic: dict = dic
    else:
        for key in dic.keys():
            avg_dic[key] += dic[key]

for key in avg_dic.keys():
    avg_dic[key] = avg_dic[key] / self.datasets.nsteps_valid

self.watcher.scalars(avg_dic, self.step, tag="Valid")
self._watch_images(tag="Valid")
self.netG.train()
self.netD.train()















GenerateGanTrainer


	
class jdit.trainer.GenerateGanTrainer(logdir, nepochs, gpu_ids_abs, netG, netD, optG, optD, datasets, latent_shape)[source]

	
	
compute_d_loss()[source]

	Rewrite this method to compute your own loss Discriminator.

You should return a loss for the first position.
You can return a dict of loss that you want to visualize on the second position.like
The train logic is :


self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
self.fake = self.netG(self.input)
self._train_iteration(self.optD, self.compute_d_loss, csv_filename=”Train_D”)
if (self.step % self.d_turn) == 0:


self._train_iteration(self.optG, self.compute_g_loss, csv_filename=”Train_G”)







So, you use self.input , self.ground_truth, self.fake, self.netG, self.optD to compute loss.
Example:

d_fake = self.netD(self.fake.detach())
d_real = self.netD(self.ground_truth)
var_dic = {}
var_dic["LS_LOSSD"] = loss_d = 0.5 * (torch.mean((d_real - 1) ** 2) + torch.mean(d_fake ** 2))
return loss_d, var_dic










	
compute_g_loss()[source]

	Rewrite this method to compute your own loss of Generator.

You should return a loss for the first position.
You can return a dict of loss that you want to visualize on the second position.like
The train logic is :


self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
self.fake = self.netG(self.input)
self._train_iteration(self.optD, self.compute_d_loss, csv_filename=”Train_D”)
if (self.step % self.d_turn) == 0:


self._train_iteration(self.optG, self.compute_g_loss, csv_filename=”Train_G”)







So, you use self.input , self.ground_truth, self.fake, self.netG, self.optD to compute loss.
Example:

d_fake = self.netD(self.fake, self.input)
var_dic = {}
var_dic["LS_LOSSG"] = loss_g = 0.5 * torch.mean((d_fake - 1) ** 2)
return loss_g, var_dic










	
compute_valid()[source]

	
The train logic is :
self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
self.fake = self.netG(self.input)
self._train_iteration(self.optD, self.compute_d_loss, csv_filename=”Train_D”)
if (self.step % self.d_turn) == 0:


self._train_iteration(self.optG, self.compute_g_loss, csv_filename=”Train_G”)







So, you use self.input , self.ground_truth, self.fake, self.netG, self.optD to compute validations.


	Returns

	










	
d_turn = 1

	The training times of Discriminator every ones Generator training.






	
get_data_from_batch(batch_data: list, device: <Mock name='mock.device' id='140662772174632'>)[source]

	Load and wrap data from the data lodaer.


Split your one batch data to specify variable.

Example:

# batch_data like this [input_Data, ground_truth_Data]
input_cpu, ground_truth_cpu = batch_data[0], batch_data[1]
# then move them to device and return them
return input_cpu.to(self.device), ground_truth_cpu.to(self.device)









	Parameters

	
	batch_data – one batch data load from DataLoader


	device – A device variable. torch.device






	Returns

	input Tensor, ground_truth Tensor










	
valid_epoch()[source]

	Validate model each epoch.

It will be called each epoch, when training finish.
So, do same verification here.

Example:

avg_dic: dict = {}
self.netG.eval()
self.netD.eval()
# Load data from loader_valid.
for iteration, batch in enumerate(self.datasets.loader_valid, 1):
    self.input, self.ground_truth = self.get_data_from_batch(batch)
    with torch.no_grad():
        self.fake = self.netG(self.input)
        # You can write this function to apply your computation.
        dic: dict = self.compute_valid()
    if avg_dic == {}:
        avg_dic: dict = dic
    else:
        for key in dic.keys():
            avg_dic[key] += dic[key]

for key in avg_dic.keys():
    avg_dic[key] = avg_dic[key] / self.datasets.nsteps_valid

self.watcher.scalars(avg_dic, self.step, tag="Valid")
self._watch_images(tag="Valid")
self.netG.train()
self.netD.train()
















instances


instances.FashionClassTrainer


	
jdit.trainer.instances.start_fashionClassTrainer(gpus=(), nepochs=10, run_type='train')[source]

	” An example of fashion-mnist classification










          

      

      

    

  

    
      
          
            
  
jdit.assessment


FID


	
jdit.assessment.FID_score(source, target, sample_prop=1.0, gpu_ids=(), dim=2048, batchsize=128, verbose=True)[source]

	Compute FID score from Tensor, DataLoader or a directory``path``.


	Parameters

	
	source – source data.


	target – target data.


	sample_prop – If passing a Tensor source, set this rate to sample a part of data from source.


	gpu_ids – gpu ids.


	dim – The number of features. Three options available.


	64:   The first max pooling features of Inception.


	192:  The Second max pooling features of Inception.


	768:  The Pre-aux classifier features of Inception.


	2048: The Final average pooling features of Inception.




Default: 2048.




	batchsize – Only using for passing paths of source and target.


	verbose – If show processing log.






	Returns

	fid score






Attention

If you are passing Tensor as source and target.
Make sure you have enough memory to load these data in _InceptionV3.
Otherwise, please passing path of DataLoader to compute them step by step.



Example:

>>> from jdit.dataset import Cifar10
>>> loader = Cifar10(root=r"../../datasets/cifar10", batch_shape=(32, 3, 32, 32))
>>> target_tensor = loader.samples_train[0]
>>> source_tensor = loader.samples_valid[0]
>>> # using Tensor to compute FID score
>>> fid_value = FID_score(source_tensor, target_tensor, sample_prop=0.01, depth=768)
>>> print('FID: ', fid_value)
>>> # using DataLoader to compute FID score
>>> fid_value = FID_score(loader.loader_test, loader.loader_valid, depth=768)
>>> print('FID: ', fid_value)













          

      

      

    

  

    
      
          
            
  
jdit.parallel


SupParallelTrainer


	
class jdit.parallel.SupParallelTrainer(unfixed_params_list: list, train_func=None)[source]

	Training parallel


	Parameters

	
	default_params – a dict() like {param_1:d1, param_2:d2 ...}


	unfixed_params_list – a list like [{param_1:a1, param_2:a2}, {param_1:b1, param_2:b2}, ...].









Note

You must set the value of task_id and gpu_ids_abs, regardless in default_params or
unfixed_params_list.


{'task_id': 1`} , {'gpu_ids_abs': [0,1]} .


	For the same task_id , the tasks will be executed sequentially on the certain devices.


	For the different task_id , the will be executed parallelly on the certain devices.









Example:


unfixed_params_list = [
    {'task_id':1, 'lr':1e-3,'gpu_ids_abs': [0] },
    {'task_id':1, 'lr':1e-4,'gpu_ids_abs': [0] },
    {'task_id':2, 'lr':1e-5,'gpu_ids_abs': [2,3] }]





This set of unfixed_params_list means that:









	time

	‘task_id’:1

	‘task_id’:2

	




	t

	‘lr’:1e-3,
‘gpu_ids_abs’: [0]

	‘lr’:1e-5,
‘gpu_ids_abs’: [2,3]

	executed parallelly



	t+1

	‘lr’:1e-4,
‘gpu_ids_abs’: [0]

	

	


	
	executed sequentially

	

	









	
build_task_trainer(unfixed_params: dict)[source]

	You need to write this method to build your own Trainer.

This will run in a certain subprocess.
The keys of params are compatible with dataset , Model , Optimizer and Trainer .
You can see parameters in the following example.

These two parameters are special.


	params["logdir"]   controls the log directory.


	params["gpu_ids_abs"] controls the running devices.




You should return a Trainer when you finish you building.


	Parameters

	params – parameters dictionary.



	Returns

	Trainer





Example:

# Using ``params['key']`` to build your Trainer.
logdir = params["logdir"] # necessary!
gpu_ids_abs = params["gpu_ids_abs"] # necessary!
use_benchmark = params["use_benchmark"]
data_root = params["data_root"]
batch_shape = params["batch_shape"]
opt_name = params["opt_name"]
lr = params["lr"]
lr_decay = params["lr_decay"]
lr_minimum = params["lr_minimum"]
weight_decay = params["weight_decay"]
momentum = params["momentum"]
betas = params["betas"]
init_method = params["init_method"]
depth = params["depth"]
mid_channels = params["mid_channels"]
nepochs = params["nepochs"]

torch.backends.cudnn.benchmark = use_benchmark
mnist = FashionMNIST(root=data_root, batch_shape=batch_shape)
T_net = Model(Tresnet18(depth=depth, mid_channels=mid_channels), gpu_ids_abs=gpu_ids_abs,
              init_method=init_method)
opt = Optimizer(T_net.parameters(), lr, lr_decay, weight_decay, momentum, betas, opt_name,
                lr_minimum=lr_minimum)
Trainer = FashingClassTrainer(logdir, nepochs, gpu_ids_abs, T_net, opt, mnist)
# You must return a Trainer!
return Trainer










	
error(msg)[source]

	When a subprocess failed, it will be called.

You can rewrite this method for your purpose.
:param msg: error massage






	
finish(msg)[source]

	When a subprocess finished, it will be called.

You can rewrite this method for your purpose.
:param msg: fin






	
train(max_processes=4)[source]

	start parallel task

To start the parallel task that were saved in  self.parallel_plans dictionary.


	Parameters

	max_processes – A max amount of processes for setting Pool(processes = ?) method.
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  Source code for jdit.dataset

from torch.utils.data import DataLoader, random_split
from torchvision import datasets, transforms
import psutil
#from typing import Union
from abc import ABCMeta, abstractmethod
from torch.utils.data.distributed import DistributedSampler


[docs]class DataLoadersFactory(metaclass=ABCMeta):
    """This is a super class of dataloader.

    It defines same basic attributes and methods.

    * For training data: ``train_dataset``, ``loader_train``, ``nsteps_train`` .
      Others such as ``valid_epoch`` and ``test`` have the same naming format.
    * For transform, you can define your own transforms.
    * If you don't have test set, it will be replaced by valid_epoch dataset.

    It will build dataset following these setps:

      #. ``build_transforms()`` To build transforms for training dataset and valid_epoch.
         You can rewrite this method for your own transform. It will be used in ``build_datasets()``
      #. ``build_datasets()`` You must rewrite this method to load your own dataset
         by passing datasets to ``self.dataset_train`` and ``self.dataset_valid`` .
         ``self.dataset_test`` is optional. If you don't pass a test dataset,
         it will be replaced by ``self.dataset_valid`` .

         Example::

           def build_transforms(self, resize=32):
               self.train_transform_list = self.valid_transform_list = [
                   transforms.Resize(resize),
                   transforms.ToTensor(),
                   transforms.Normalize([0.5, 0.5, 0.5], [0.5, 0.5, 0.5])]
           # Inherit this class and write this method.
           def build_datasets(self):
               self.dataset_train = datasets.CIFAR10(root, train=True, download=True,
                   transform=transforms.Compose(self.train_transform_list))
               self.dataset_valid = datasets.CIFAR10(root, train=False, download=True,
                   transform=transforms.Compose(self.valid_transform_list))

      #. ``build_loaders()`` It will use dataset, and passed parameters to
         build dataloaders for ``self.loader_train``, ``self.loader_valid`` and ``self.loader_test``.


    * :attr:`root` is the root path of datasets.

    * :attr:`batch_shape` is the size of data loader. shape is ``(Batchsize, Channel, Height, Width)``

    * :attr:`num_workers` is the number of threads, using to load data.
      If you pass -1, it will use the max number of threads, according to your cpu. Default: -1

    * :attr:`shuffle` is whether shuffle the data. Default: ``True``

    """

    def __init__(self, root: str, batch_size: int, num_workers=-1, shuffle=True, subdata_size=1):
        """ Build data loaders.

        :param root: root path of datasets.
        :param batch_size: shape of data. ``(Batchsize, Channel, Height, Width)``
        :param num_workers: the number of threads. Default: -1
        :param shuffle: whether shuffle the data. Default: ``True``
        """
        self.batch_size = batch_size
        self.shuffle = shuffle
        self.root = root
        if num_workers == -1:
            print("use %d thread!" % psutil.cpu_count())
            self.num_workers = psutil.cpu_count()
        else:
            self.num_workers = num_workers

        self.dataset_train: datasets = None
        self.dataset_valid: datasets = None
        self.dataset_test: datasets = None

        self.loader_train: DataLoader = None
        self.loader_valid: DataLoader = None
        self.loader_test: DataLoader = None

        self.nsteps_train: int = None
        self.nsteps_valid: int = None
        self.nsteps_test: int = None

        self.sample_dataset_size = subdata_size

        self.build_transforms()
        self.build_datasets()
        self.build_loaders()

[docs]    def build_transforms(self, resize: int = 32):
        """ This will build transforms for training and valid_epoch.

        You can rewrite this method to build your own transforms.
        Don't forget to register your transforms to ``self.train_transform_list`` and ``self.valid_transform_list``

        The following is the default set.

        .. code::

            self.train_transform_list = self.valid_transform_list = [
                transforms.Resize(resize),
                transforms.ToTensor(),
                transforms.Normalize([0.5, 0.5, 0.5], [0.5, 0.5, 0.5])]

        """
        self.train_transform_list = self.valid_transform_list = [
            transforms.Resize(resize),
            transforms.ToTensor(),
            transforms.Normalize([0.5, 0.5, 0.5], [0.5, 0.5, 0.5])]


[docs]    @abstractmethod
    def build_datasets(self):
        """ You must to rewrite this method to load your own datasets.

        * :attr:`self.dataset_train` . Assign a training ``dataset`` to this.
        * :attr:`self.dataset_valid` . Assign a valid_epoch ``dataset`` to this.
        * :attr:`self.dataset_test` is optional. Assign a test ``dataset`` to this.
          If not, it will be replaced by ``self.dataset_valid`` .

        Example::

            self.dataset_train = datasets.CIFAR10(root, train=True, download=True,
                                                  transform=transforms.Compose(self.train_transform_list))
            self.dataset_valid = datasets.CIFAR10(root, train=False, download=True,
                                                  transform=transforms.Compose(self.valid_transform_list))
        """
        pass


[docs]    def build_loaders(self):
        r""" Build datasets
        The previous function ``self.build_datasets()`` has created datasets.
        Use these datasets to build their's dataloaders
        """

        if self.dataset_train is None:
            raise ValueError(
                "`self.dataset_train` can't be `None`! Rewrite `build_datasets` method and pass your own dataset "
                "to "
                "`self.dataset_train`")
        if self.dataset_train is None:
            raise ValueError(
                "`self.dataset_valid` can't be `None`! Rewrite `build_datasets` method and pass your own dataset "
                "to "
                "`self.dataset_valid`")

        # Create dataloaders
        self.loader_train = DataLoader(self.dataset_train, batch_size=self.batch_size, shuffle=self.shuffle)
        self.loader_valid = DataLoader(self.dataset_valid, batch_size=self.batch_size, shuffle=self.shuffle)
        self.nsteps_train = len(self.loader_train)
        self.nsteps_valid = len(self.loader_valid)

        if self.dataset_test is None:
            self.dataset_test = self.dataset_valid

        self.loader_test = DataLoader(self.dataset_test, batch_size=self.batch_size, shuffle=self.shuffle)
        self.nsteps_test = len(self.loader_test)


    def convert_to_distributed(self, which_dataset=None, num_replicas=None, rank=None):
        samplers = {}
        if which_dataset is None:
            samplers["train"] = DistributedSampler(self.dataset_train, num_replicas=None, rank=None)
            self.loader_train = DataLoader(self.dataset_train, self.batch_size, False, sampler=samplers["train"])

        else:
            if which_dataset == "train":
                samplers["train"] = DistributedSampler(self.dataset_train, num_replicas=num_replicas, rank=rank)
                self.loader_train = DataLoader(self.dataset_train, self.batch_size, False,
                                               sampler=samplers["train"])
            elif which_dataset == "valid":
                samplers["valid"] = DistributedSampler(self.dataset_valid, num_replicas=num_replicas, rank=rank)
                self.loader_valid = DataLoader(self.dataset_valid, self.batch_size, False,
                                               sampler=samplers["valid"])
            elif which_dataset == "test":
                self.loader_test.sampler = samplers["test"]
                self.loader_test = DataLoader(self.dataset_test, self.batch_size, False,
                                              sampler=samplers["test"])
            else:
                ValueError(
                    "param `which_dataset` can only be set 'train, valid and test'. Got %s instead" % which_dataset)
        return samplers

    @property
    def samples_train(self):
        return self._get_samples(self.dataset_train, self.sample_dataset_size)

    @property
    def samples_valid(self):
        return self._get_samples(self.dataset_train, self.sample_dataset_size)

    @property
    def samples_test(self):
        return self._get_samples(self.dataset_train, self.sample_dataset_size)

    @staticmethod
    def _get_samples(dataset, sample_dataset_size=1):
        import math
        if int(len(dataset) * sample_dataset_size) <= 0:
            raise ValueError(
                "Dataset is %d too small. `sample_dataset_size` is %f" % (len(dataset), sample_dataset_size))
        size_is_prop = isinstance(sample_dataset_size, float)
        size_is_amount = isinstance(sample_dataset_size, int)
        if size_is_prop:
            if not (0 < sample_dataset_size <= 1):
                raise ValueError("sample_dataset_size proportion should between 0. and 1.")
            subdata_size = math.floor(sample_dataset_size * len(dataset))
        elif size_is_amount:
            if not (sample_dataset_size < len(dataset)):
                raise ValueError("sample_dataset_size amount should be smaller than length of dataset")
            subdata_size = sample_dataset_size
        else:
            raise Exception("sample_dataset_size should be float or int."
                            "%s was given" % str(sample_dataset_size))
        sample_dataset, _ = random_split(dataset, [subdata_size, len(dataset) - subdata_size])
        sample_loader = DataLoader(sample_dataset, batch_size=subdata_size, shuffle=True)
        [samples_data] = list(sample_loader)
        return samples_data

    @property
    def configure(self):
        configs = dict()
        configs["dataset_name"] = str(self.dataset_train.__class__.__name__)
        configs["batch_size"] = str(self.batch_size)
        configs["shuffle"] = str(self.shuffle)
        configs["root"] = str(self.root)
        configs["num_workers"] = str(self.num_workers)
        configs["sample_dataset_size"] = str(self.sample_dataset_size)
        configs["nsteps_train"] = str(self.nsteps_train)
        configs["nsteps_valid"] = str(self.nsteps_valid)
        configs["nsteps_test"] = str(self.nsteps_test)
        configs["dataset_train"] = str(self.dataset_train)
        configs["dataset_valid"] = str(self.dataset_valid)
        configs["dataset_test"] = str(self.dataset_test)
        return configs



[docs]class HandMNIST(DataLoadersFactory):
    """ Hand writing mnist dataset.

    Example::

        >>> data = HandMNIST(r"../datasets/mnist")
        use 8 thread!
        Downloading http://yann.lecun.com/exdb/mnist/train-images-idx3-ubyte.gz
        Downloading http://yann.lecun.com/exdb/mnist/train-labels-idx1-ubyte.gz
        Downloading http://yann.lecun.com/exdb/mnist/t10k-images-idx3-ubyte.gz
        Downloading http://yann.lecun.com/exdb/mnist/t10k-labels-idx1-ubyte.gz
        Processing...
        Done!
        >>> data.dataset_train
        Dataset MNIST
        Number of datapoints: 60000
        Split: train
        Root Location: data
        Transforms (if any): Compose(
                                 Resize(size=32, interpolation=PIL.Image.BILINEAR)
                                 ToTensor()
                                 Normalize(mean=[0.5, 0.5, 0.5], std=[0.5, 0.5, 0.5])
                             )
        Target Transforms (if any): None
        >>> # We don't set test dataset, so they are the same.
        >>> data.dataset_valid is data.dataset_test
        True
        >>> # Number of steps at batch size 128.
        >>> data.nsteps_train
        469
        >>> # Total samples of training datset.
        >>> len(data.dataset_train)
        60000
        >>> # The batch size of sample load is 1. So, we get length of loader is equal to samples amount.
        >>> len(data.samples_train)
        6000

    """

    def __init__(self, root="datasets/hand_data", batch_size=64, num_workers=-1):
        super(HandMNIST, self).__init__(root, batch_size, num_workers)

[docs]    def build_datasets(self):
        """Build datasets by using ``datasets.MNIST`` in pytorch



        """
        self.dataset_train = datasets.MNIST(self.root, train=True, download=True,
                                            transform=transforms.Compose(self.train_transform_list))
        self.dataset_valid = datasets.MNIST(self.root, train=False, download=True,
                                            transform=transforms.Compose(self.valid_transform_list))


[docs]    def build_transforms(self, resize: int = 32):
        self.train_transform_list = self.valid_transform_list = [
            transforms.Resize(resize),
            transforms.ToTensor(),
            transforms.Normalize([0.5], [0.5])]




[docs]class FashionMNIST(DataLoadersFactory):
    def __init__(self, root="datasets/fashion_data", batch_size=64, num_workers=-1):
        super(FashionMNIST, self).__init__(root, batch_size, num_workers)

[docs]    def build_datasets(self):
        self.dataset_train = datasets.FashionMNIST(self.root, train=True, download=True,
                                                   transform=transforms.Compose(self.train_transform_list))
        self.dataset_valid = datasets.FashionMNIST(self.root, train=False, download=True,
                                                   transform=transforms.Compose(self.valid_transform_list))


[docs]    def build_transforms(self, resize: int = 32):
        self.train_transform_list = self.valid_transform_list = [
            transforms.Resize(resize),
            transforms.ToTensor(),
            transforms.Normalize([0.5], [0.5])]




[docs]class Cifar10(DataLoadersFactory):
    def __init__(self, root="datasets/cifar10", batch_size=32, num_workers=-1):
        super(Cifar10, self).__init__(root, batch_size, num_workers)

[docs]    def build_datasets(self):
        self.dataset_train = datasets.CIFAR10(self.root, train=True, download=True,
                                              transform=transforms.Compose(self.train_transform_list))
        self.dataset_valid = datasets.CIFAR10(self.root, train=False, download=True,
                                              transform=transforms.Compose(self.valid_transform_list))




[docs]class Lsun(DataLoadersFactory):
    def __init__(self, root, batch_size=32, num_workers=-1):
        super(Lsun, self).__init__(root, batch_size, num_workers)

[docs]    def build_datasets(self):
        self.dataset_train = datasets.CIFAR10(self.root, train=True, download=True,
                                              transform=transforms.Compose(self.train_transform_list))
        self.dataset_valid = datasets.CIFAR10(self.root, train=False, download=True,
                                              transform=transforms.Compose(self.valid_transform_list))


[docs]    def build_transforms(self, resize: int = 32):
        super(Lsun, self).build_transforms(resize)




[docs]def get_mnist_dataloaders(root=r'..\data', batch_size=128):
    """MNIST dataloader with (32, 32) sized images."""
    # Resize images so they are a power of 2
    all_transforms = transforms.Compose([
        transforms.Resize(28),
        transforms.ToTensor(),
        # transforms.Normalize([0.5],[0.5])
    ])
    # Get train and test data
    train_data = datasets.MNIST(root, train=True, download=True,
                                transform=all_transforms)
    test_data = datasets.MNIST(root, train=False,
                               transform=all_transforms)
    # Create dataloaders
    train_loader = DataLoader(train_data, batch_size=batch_size, shuffle=True)
    test_loader = DataLoader(test_data, batch_size=batch_size, shuffle=True)
    return train_loader, test_loader



[docs]def get_fashion_mnist_dataloaders(root=r'.\dataset\fashion_data', batch_size=128, resize=32, transform_list=None,
                                  num_workers=-1):
    """Fashion MNIST dataloader with (32, 32) sized images."""
    # Resize images so they are a power of 2
    if num_workers == -1:
        print("use %d thread!" % psutil.cpu_count())
        num_workers = psutil.cpu_count()
    if transform_list is None:
        transform_list = [
            transforms.Resize(resize),
            transforms.ToTensor(),
            transforms.Normalize([0.5], [0.5])
        ]
    all_transforms = transforms.Compose(transform_list)
    # Get train and test data
    train_data = datasets.FashionMNIST(root, train=True, download=True,
                                       transform=all_transforms)
    test_data = datasets.FashionMNIST(root, train=False,
                                      transform=all_transforms)
    # Create dataloaders
    train_loader = DataLoader(train_data, batch_size=batch_size, shuffle=True, drop_last=True, num_workers=num_workers)
    test_loader = DataLoader(test_data, batch_size=batch_size, shuffle=True, drop_last=True, num_workers=num_workers)
    return train_loader, test_loader



[docs]def get_lsun_dataloader(path_to_data='/data/dgl/LSUN', dataset='bedroom_train',
                        batch_size=64):
    """LSUN dataloader with (128, 128) sized images.

    path_to_data : str
        One of 'bedroom_val' or 'bedroom_train'
    """
    # Compose transforms
    transform = transforms.Compose([
        transforms.Resize(128),
        transforms.CenterCrop(128),
        transforms.ToTensor()
    ])

    # Get dataset
    lsun_dset = datasets.LSUN(root=path_to_data, classes=[dataset],
                              transform=transform)

    # Create dataloader
    return DataLoader(lsun_dset, batch_size=batch_size, shuffle=True)





          

      

      

    

  

    
      
          
            
  Source code for jdit.model

# coding=utf-8
import torch
import os
from torch.nn import init, Conv2d, Linear, ConvTranspose2d, InstanceNorm2d, BatchNorm2d, DataParallel, Module
from torch.nn.parallel import DataParallel, DistributedDataParallel
from torch import save, load
from typing import Union
from collections import OrderedDict
from types import FunctionType


class _cached_property(object):
    """
    Decorator that converts a method with a single self argument into a
    property cached on the instance.

    Optional ``name`` argument allows you to make cached properties of other
    methods. (e.g.  url = _cached_property(get_absolute_url, name='url') )
    """

    def __init__(self, func, name=None):
        self.func = func
        self.__doc__ = getattr(func, '__doc__')
        self.name = name or func.__name__

    def __get__(self, instance, cls=None):
        if instance is None:
            return self
        res = instance.__dict__[self.name] = self.func(instance)
        return res


[docs]class Model(object):
    r"""A warapper of pytorch ``module`` .

    In the simplest case, we use a raw pytorch ``module`` to assemble a ``Model`` of this class.
    It can be more convenient to use some feather method, such ``_check_point`` , ``load_weights`` and so on.

    * :attr:`proto_model` is the core model in this class.
      It is no necessary to passing a ``module`` when you init a ``Model`` .
      You can build a model later by using ``Model.define(module)`` or load a model from a file.

    * :attr:`gpu_ids_abs` controls the gpus which you want to use. you should use a absolute id of gpus.

    * :attr:`init_method` controls the weights init method.

        * At init_method="xavier", it will use ``init.xavier_normal_`` ,
          in ``pytorch.nn.init`` , to init the Conv layers of model.

        * At init_method="kaiming", it will use ``init.kaiming_normal_`` ,
          in ``pytorch.nn.init`` , to init the Conv layers of model.

        * At init_method=your_own_method, it will be used on weights,
          just like what ``pytorch.nn.init`` method does.

    * :attr:`show_structure` controls whether to show your network structure.

    .. note::

         Don't try to pass a ``DataParallel`` model. Only ``module`` is accessible.
         It will change to ``DataParallel`` class automatically by passing a muti-gpus ids, like ``[0, 1]`` .

    .. note::

        :attr:`gpu_ids_abs` must be a tuple or list. If you want to use cpu, just passing an ampty list like ``[]`` .

    Args:
        proto_model (module): A pytroch module. Default: ``None``

        gpu_ids_abs (tuple or list): The absolute id of gpus. if [] using cpu. Default: ``()``

        init_method (str or def): Weights init method. Default: ``"Kaiming"``

        show_structure (bool): Is the structure shown. Default: ``False``

    Attributes:
        num_params (int): The totals amount of weights in this model.

        gpu_ids_abs (list or tuple): Which device is this model on.

    Examples::

        >>> from torch.nn import Sequential, Conv3d
        >>> # using a square kernels and equal stride
        >>> module = Sequential(Conv3d(16, 33, (3, 5, 2), stride=(2, 1, 1), padding=(4, 2, 0)))
        >>> # using cpu to init a Model by module.
        >>> net = Model(module, [], show_structure=False)
        Sequential Total number of parameters: 15873
        Sequential model use CPU!
        apply kaiming weight init!
        >>> input_tensor = torch.randn(20, 16, 10, 50, 100)
        >>> output = net(input_tensor)

    """

    def __init__(self, proto_model: Module,
                 gpu_ids_abs: Union[list, tuple] = (),
                 init_method: Union[str, FunctionType, None] = "kaiming",
                 show_structure=False,
                 check_point_pos=None, verbose=True):

        # if not isinstance(proto_model, Module):
        #     raise TypeError(
        #         "The type of `proto_model` must be `torch.nn.Module`, but got %s instead" % type(proto_model))
        self.model: Union[DataParallel, Module] = None
        self.model_name = proto_model.__class__.__name__
        self.weights_init = None
        self.init_fc = None
        self.init_name: str = None
        self.num_params: int = 0
        self.verbose = verbose
        self.check_point_pos = check_point_pos
        self.define(proto_model, gpu_ids_abs, init_method, show_structure)

    def __call__(self, *args, **kwargs):
        return self.model(*args, **kwargs)

    def __getattr__(self, item):
        return getattr(self.model, item)

[docs]    def define(self, proto_model: Module, gpu_ids_abs: Union[list, tuple], init_method: Union[str, FunctionType, None],
               show_structure: bool):
        """Define and wrap a pytorch module, according to CPU, GPU and multi-GPUs.

        * Print the module's info.

        * Move this module to specify device.

        * Apply weight init method.

        :param proto_model: Network, type of ``module``.
        :param gpu_ids_abs: Be used GPUs' id, type of ``tuple`` or ``list``. If not use GPU, pass ``()``.
        :param init_method: init weights method("kaiming") or ``False`` don't use any init.
        :param show_structure: If print structure of model.
        """
        self.num_params = self.print_network(proto_model, show_structure)
        self.model = self._set_device(proto_model, gpu_ids_abs)
        self.init_name = self._apply_weight_init(init_method, self.model)
        self._print("apply %s weight init!" % self.init_name)


[docs]    def print_network(self, proto_model: Module, show_structure=False):
        """Print total number of parameters and structure of network

        :param proto_model: Pytorch module
        :param show_structure: If show network's structure. default: ``False``
        :return: Total number of parameters
        """
        num_params = self.count_params(proto_model)
        if show_structure:
            self._print(str(proto_model))
        num_params_log = '%s Total number of parameters: %d' % (self.model_name, num_params)
        self._print(num_params_log)
        return num_params


[docs]    def load_weights(self, weights: Union[OrderedDict, dict, str], strict=True):
        """Assemble a model and weights from paths or passing parameters.

        You can load a model from a file, passing parameters or both.

        :param weights: Pytorch weights or weights file path.
        :param strict: The same function in pytorch ``model.load_state_dict(weights,strict = strict)`` .
         default:``True``
        :return: ``module``

        Example::

            >>> from torchvision.models.resnet import resnet18
            >>> model = Model(resnet18())
            ResNet Total number of parameters: 11689512
            ResNet model use CPU!
            apply kaiming weight init!
            >>> model.save_weights("model.pth",)
            try to remove 'module.' in keys of weights dict...
            >>> model.load_weights("model.pth", True)
            Try to remove `moudle.` to keys of weights dict

        """
        if isinstance(weights, str):
            weights = load(weights, map_location=lambda storage, loc: storage)
        else:
            raise TypeError("`weights` must be a `dict` or a path of weights file.")
        if isinstance(self.model, DataParallel):
            self._print("Try to add `moudle.` to keys of weights dict")
            weights = self._fix_weights(weights, "add", False)
        else:
            self._print("Try to remove `moudle.` to keys of weights dict")
            weights = self._fix_weights(weights, "remove", False)
        self.model.load_state_dict(weights, strict=strict)


[docs]    def save_weights(self, weights_path: str, fix_weights=True):
        """Save a model and weights to files.

        You can save a model, weights or both to file.

        .. note::

            This method deal well with different devices on model saving.
            You don' need to care about which devices your model have saved.

        :param weights_path: Pytorch weights or weights file path.
        :param fix_weights: If this is true, it will remove the '.module' in keys, when you save a ``DataParallel``.
         without any moving operation. Otherwise, it will move to cpu, especially in ``DataParallel``.
         default:``False``

        Example::

           >>> from torch.nn import Linear
           >>> model = Model(Linear(10,1))
           Linear Total number of parameters: 11
           Linear model use CPU!
           apply kaiming weight init!
           >>> model.save_weights("weights.pth")
           try to remove 'module.' in keys of weights dict...
           >>> model.load_weights("weights.pth")
           Try to remove `moudle.` to keys of weights dict

        """
        if fix_weights:
            import copy
            weights = copy.deepcopy(self.model.state_dict())
            self._print("try to remove 'module.' in keys of weights dict...")
            weights = self._fix_weights(weights, "remove", False)
        else:
            weights = self.model.state_dict()

        save(weights, weights_path)


[docs]    def load_point(self, model_name: str, epoch: int, logdir="log"):
        """load model and weights from a certain checkpoint.

        this method is cooperate with method `self.chechPoint()`
        """
        if not logdir.endswith("checkpoint"):
            logdir = os.path.join(logdir, "checkpoint")

        model_weights_path = os.path.join(logdir, "Weights_%s_%d.pth" % (model_name, epoch))

        self.load_weights(model_weights_path, True)


    def check_point(self, model_name: str, epoch: int, logdir="log"):
        if not logdir.endswith("checkpoint"):
            logdir = os.path.join(logdir, "checkpoint")

        if not os.path.exists(logdir):
            os.makedirs(logdir)

        model_weights_path = os.path.join(logdir, "Weights_%s_%d.pth" % (model_name, epoch))
        weights = self._fix_weights(self.model.state_dict(), "remove", False)  # try to remove '.module' in keys.
        save(weights, model_weights_path)

    def is_checkpoint(self, model_name: str, epoch: int, logdir="log"):
        if not self.check_point_pos:
            return False
        if isinstance(self.check_point_pos, int):
            is_check_point = epoch > 0 and (epoch % self.check_point_pos) == 0
        else:
            is_check_point = epoch in self.check_point_pos
        if is_check_point:
            self.check_point(model_name, epoch, logdir)
        return is_check_point

[docs]    def convert_to_distributed(self, device_ids=None,
                               output_device=None, dim=0, broadcast_buffers=True,
                               process_group=None, bucket_cap_mb=25,
                               find_unused_parameters=False,
                               check_reduction=False):
        """
        Args:
        module (Module): module to be parallelized
        device_ids (list of int or torch.device): CUDA devices. This should
                   only be provided when the input module resides on a single
                   CUDA device. For single-device modules, the ``i``th
                   :attr:`module` replica is placed on ``device_ids[i]``. For
                   multi-device modules and CPU modules, device_ids must be None
                   or an empty list, and input data for the forward pass must be
                   placed on the correct device. (default: all devices for
                   single-device modules)
        output_device (int or torch.device): device location of output for
                      single-device CUDA modules. For multi-device modules and
                      CPU modules, it must be None, and the module itself
                      dictates the output location. (default: device_ids[0] for
                      single-device modules)
        broadcast_buffers (bool): flag that enables syncing (broadcasting) buffers of
                          the module at beginning of the forward function.
                          (default: ``True``)
        process_group: the process group to be used for distributed data
                       all-reduction. If ``None``, the default process group, which
                       is created by ```torch.distributed.init_process_group```,
                       will be used. (default: ``None``)
        bucket_cap_mb: DistributedDataParallel will bucket parameters into
                       multiple buckets so that gradient reduction of each
                       bucket can potentially overlap with backward computation.
                       :attr:`bucket_cap_mb` controls the bucket size in MegaBytes (MB)
                       (default: 25)
        find_unused_parameters (bool): Traverse the autograd graph of all tensors
                                       contained in the return value of the wrapped
                                       module's ``forward`` function.
                                       Parameters that don't receive gradients as
                                       part of this graph are preemptively marked
                                       as being ready to be reduced.
                                       (default: ``False``)
        check_reduction: when setting to ``True``, it enables DistributedDataParallel
                         to automatically check if the previous iteration's
                         backward reductions were successfully issued at the
                         beginning of every iteration's forward function.
                         You normally don't need this option enabled unless you
                         are observing weird behaviors such as different ranks
                         are getting different gradients, which should not
                         happen if DistributedDataParallel is correctly used.
                         (default: ``False``)

        Attributes:
        module (Module): the module to be parallelized

        Example::

            >>> torch.distributed.init_process_group(backend='nccl', world_size=4, init_method='...')
            >>> net.convert_to_distributed(pg)
            >>> # same thing
            >>> net.model = torch.nn.DistributedDataParallel(net.model, pg)

        """
        # assert isinstance(self.model, DataParallel), "please only use one gpu for one task"
        self.model = DistributedDataParallel(self.model, device_ids,
                                             output_device, dim, broadcast_buffers,
                                             process_group, bucket_cap_mb,
                                             find_unused_parameters,
                                             check_reduction)


[docs]    @staticmethod
    def count_params(proto_model: Module):
        """count the total parameters of model.

        :param proto_model: pytorch module
        :return: number of parameters
        """
        num_params = 0
        for param in proto_model.parameters():
            num_params += param.numel()
        return num_params


    def _apply_weight_init(self, init_method: Union[str, FunctionType], proto_model: Module):
        init_name = "No"
        if init_method:
            if init_method == 'kaiming':
                self.init_fc = getattr(init, "kaiming_normal_")
                init_name = init_method
            elif init_method == "xavier":
                self.init_fc = getattr(init, "xavier_normal_")
                init_name = init_method
            else:
                self.init_fc = getattr(init, init_method)
                init_name = init_method.__name__
            proto_model.apply(self._weight_init)
        return init_name

    def _weight_init(self, m):
        if (m is None) or (not hasattr(m, "weight")):
            return

        if (m.bias is not None) and hasattr(m, "bias"):
            m.bias.data.zero_()

        if isinstance(m, Conv2d):
            self.init_fc(m.weight)
            # m.bias.data.zero_()
        elif isinstance(m, Linear):
            self.init_fc(m.weight)
            # m.bias.data.zero_()
        elif isinstance(m, ConvTranspose2d):
            self.init_fc(m.weight)
            # m.bias.data.zero_()
        elif isinstance(m, InstanceNorm2d):
            init.normal_(m.weight, 1.0, 0.02)
            # m.bias.data.fill_(0)
        elif isinstance(m, BatchNorm2d):
            init.normal_(m.weight, 1.0, 0.02)
            # m.bias.data.fill_(0)
        else:
            pass

    @staticmethod
    def _fix_weights(weights: Union[dict, OrderedDict], fix_type: str = "remove", is_strict=True):
        # fix params' key
        from collections import OrderedDict
        new_state_dict = OrderedDict()
        for k, v in weights.items():
            if fix_type == "remove":
                if is_strict and not k.startswith("module."):
                    raise ValueError("The key of weights dict doesn't start with 'module.'. %s instead" % k)
                name = k.replace("module.", "", 1)  # remove `module.`
            elif fix_type == "add":
                if is_strict and k.startswith("module."):
                    raise ValueError("The key of weights dict is %s. Can not add 'module.'" % k)
                if not k.startswith("module."):
                    name = "module." + k  # add `module.`
                else:
                    name = k
            else:
                raise TypeError("`fix_type` should be 'remove' or 'add'.")
            new_state_dict[name] = v
        return new_state_dict

    def _set_device(self, proto_model: Module, gpu_ids_abs: list) -> Union[Module, DataParallel]:
        if not gpu_ids_abs:
            gpu_ids_abs = []
        # old_enviroment = os.environ["CUDA_VISIBLE_DEVICES"]
        # os.environ["CUDA_VISIBLE_DEVICES"] = ",".join([str(i) for i in gpu_ids_abs])
        # gpu_ids = [i for i in range(len(gpu_ids_abs))]
        gpu_available = torch.cuda.is_available()
        model_name = proto_model.__class__.__name__

        if len(gpu_ids_abs) == 1:
            if not gpu_available:
                raise EnvironmentError("No gpu available! torch.cuda.is_available() is False. "
                                       "CUDA_VISIBLE_DEVICES=%s" % \
                                       os.environ["CUDA_VISIBLE_DEVICES"])

            proto_model = proto_model.cuda(gpu_ids_abs[0])
            self._print("%s model use GPU %s!" % (model_name, gpu_ids_abs))
        elif len(gpu_ids_abs) > 1:
            if not gpu_available:
                raise EnvironmentError("No gpu available! torch.cuda.is_available() is False. "
                                       "CUDA_VISIBLE_DEVICES=%s" % \
                                       os.environ["CUDA_VISIBLE_DEVICES"])
            proto_model = DataParallel(proto_model.cuda(gpu_ids_abs[0]), gpu_ids_abs)
            self._print("%s dataParallel use GPUs%s!" % (model_name, gpu_ids_abs))
        else:
            self._print("%s model use CPU!" % model_name)
        return proto_model

    def _print(self, str_msg: str):
        if self.verbose:
            print(str_msg)

    @property
    def configure(self):
        config_dic = dict()
        if isinstance(self.model, DataParallel):
            config_dic["model_name"] = str(self.model.module.__class__.__name__)
        elif isinstance(self.model, Module):
            config_dic["model_name"] = str(self.model.__class__.__name__)
        else:
            raise TypeError("Type of `self.model` is wrong!")
        config_dic["init_method"] = str(self.init_name)
        config_dic["total_params"] = self.num_params
        config_dic["structure"] = str(self.model)
        return config_dic



if __name__ == '__main__':
    from torch.nn import Sequential

    mode = Sequential(Conv2d(10, 1, 3, 1, 0))
    net = Model(mode, [], "kaiming", show_structure=False)
    if torch.cuda.is_available():
        net = Model(mode, [0], "kaiming", show_structure=False)
    if torch.cuda.device_count() > 1:
        net = Model(mode, [0, 1], "kaiming", show_structure=False)
    if torch.cuda.device_count() > 2:
        net = Model(mode, [2, 3], "kaiming", show_structure=False)
    net1 = Model(mode, [], "kaiming", show_structure=False)




          

      

      

    

  

    
      
          
            
  Source code for jdit.optimizer

# coding=utf-8
from typing import Optional, Union, Dict
import torch.optim as optim
from inspect import signature


[docs]class Optimizer(object):
    """This is a wrapper of ``optimizer`` class in pytorch.

    We add something new features in order to feather control the optimizer.

    * :attr:`params` is the parameters of model which need to be updated.
      It will use a filter to get all the parameters that required grad automatically.
      Like this

      ``filter(lambda p: p.requires_grad, params)``

      So, you can passing ``model.all_params()`` without any filters.

    * :attr:`learning rate decay` When calling ``do_lr_decay()``,
      it will do a learning rate decay. like:

      .. math::

         lr = lr * decay

    * :attr:`learning rate reset` . Reset learning rate, it can change learning rate and decay directly.


    :param params: parameters of model, which need to be updated.
    :param optimizer: An optimizer classin pytorch, such as ``torch.optim.Adam``.
    :param lr_decay:  learning rate decay. Default: 0.92.
    :param decay_at_epoch: The position of applying lr decay. Default: None.
    :param decay_at_step: learning rate decay. Default: None
    :param kwargs: pass hyper-parameters to optimizer, such as ``lr`` , ``betas`` , ``weight_decay`` .
    :return:

    Args:

        params (dict): parameters of model, which need to be updated.

        optimizer (torch.optim.Optimizer): An optimizer classin pytorch, such as ``torch.optim.Adam``

        lr_decay (float, optional): learning rate decay. Default: 0.92

        decay_position (int, list, optional): The decaly position of lr. Default: None

        lr_reset (Dict[position(int), lr(float)] ): Reset learning at a certain position. Default: None

        position_type ('epoch','step'): Position type. Default: None

        **kwargs : pass hyper-parameters to optimizer, such as ``lr`` , ``betas`` , ``weight_decay`` .

    Example::

        >>> from torch.nn import Sequential, Conv3d
        >>> from torch.optim import Adam
        >>> module = Sequential(Conv3d(16, 33, (3, 5, 2), stride=(2, 1, 1), padding=(4, 2, 0)))
        >>> opt = Optimizer(module.parameters() ,"Adam", 0.5, 10, {4:0.99},"epoch", lr=1.0, betas=(0.9, 0.999),
        weight_decay=1e-5)
        >>> print(opt)
        (Adam (
        Parameter Group 0
            amsgrad: False
            betas: (0.9, 0.999)
            eps: 1e-08
            lr: 1.0
            weight_decay: 1e-05
        )
            lr_decay:0.5
            decay_position:10
            lr_reset:{4: 0.99}
            position_type:epoch
        ))
        >>> opt.lr
        1.0
        >>> opt.lr_decay
        0.5
        >>> opt.do_lr_decay()
        >>> opt.lr
        0.5
        >>> opt.do_lr_decay(reset_lr=1)
        >>> opt.lr
        1
        >>> opt.opt
        Adam (
        Parameter Group 0
            amsgrad: False
            betas: (0.9, 0.999)
            eps: 1e-08
            lr: 1
            weight_decay: 1e-05
        )
        >>> opt.is_decay_lr(1)
        False
        >>> opt.is_decay_lr(10)
        True
        >>> opt.is_decay_lr(20)
        True
        >>> opt.is_reset_lr(4)
        0.99
        >>> opt.is_reset_lr(5)
        False

    """

    def __init__(self, params: "parameters of model",
                 optimizer: "[Adam,RMSprop,SGD...]",
                 lr_decay: float = 1.0,
                 decay_position: Union[int, tuple, list] = -1,
                 lr_reset: Dict[int, float] = None,
                 position_type: "('epoch','step')" = "epoch",
                 **kwargs):
        if not isinstance(decay_position, (int, tuple, list)):
            raise TypeError("`decay_position` should be int or tuple/list, get %s instead" % type(
                    decay_position))
        if position_type not in ('epoch', 'step'):
            raise AttributeError("You need to set `position_type` 'step' or 'epoch', get %s instead" % position_type)
        if lr_reset and any(lr_reset.values()) <= 0:
            raise AttributeError("The learning rate in `lr_reset={position:lr,}` should be grater than 0!")
        self.lr_decay = lr_decay
        self.decay_position = decay_position
        self.position_type = position_type
        self.lr_reset = lr_reset
        self.opt_name = optimizer

        try:
            Optim = getattr(optim, optimizer)
            self.opt = Optim(filter(lambda p: p.requires_grad, params), **kwargs)
        except TypeError as e:
            raise TypeError(
                    "%s\n`%s` parameters are:\n %s\n Got %s instead." % (e, optimizer, signature(self.opt), kwargs))
        except AttributeError as e:
            opts = [i for i in dir(optim) if not i.endswith("__") and i not in ['lr_scheduler', 'Optimizer']]
            raise AttributeError(
                    "%s\n`%s` is not an optimizer in torch.optim. Availible optims are:\n%s" % (e, optimizer, opts))

        for param_group in self.opt.param_groups:
            self.lr = param_group["lr"]

    def __repr__(self):
        string = "(" + str(self.opt) + "\n    %s:%s\n" % ("lr_decay", self.lr_decay)
        string = string + "    %s:%s\n" % ("decay_position", self.decay_position)
        string = string + "    %s:%s\n" % ("lr_reset", self.lr_reset)
        string = string + "    %s:%s\n)" % ("position_type", self.position_type) + ")"
        return string

    def __getattr__(self, name):
        return getattr(self.opt, name)

[docs]    def is_decay_lr(self, position: Optional[int]) -> bool:
        """Judge if use learning decay on this position.

        :param position: (int) A position of step or epoch.
        :return: bool
        """
        if not self.decay_position:
            return False

        if isinstance(self.decay_position, int):
            is_change_lr = position > 0 and (position % self.decay_position) == 0
        else:
            is_change_lr = position in self.decay_position
        return is_change_lr


[docs]    def is_reset_lr(self, position: Optional[int]) -> bool:
        """Judge if use learning decay on this position.

        :param position: (int) A position of step or epoch.
        :return: bool
        """
        if not self.lr_reset:
            return False
        if isinstance(self.lr_reset, (tuple, list)):
            reset_lr = position > 0 and (position % self.decay_position) == 0
        else:
            reset_lr = self.lr_reset.get(position, False)
        return reset_lr


[docs]    def do_lr_decay(self, reset_lr_decay: float = None, reset_lr: float = None):
        """Do learning rate decay, or reset them.

        Passing parameters both None:
            Do a learning rate decay by ``self.lr = self.lr * self.lr_decay`` .

        Passing parameters reset_lr_decay or reset_lr:
            Do a learning rate or decay reset. by
            ``self.lr = reset_lr``
            ``self.lr_decay = reset_lr_decay``

        :param reset_lr_decay: if not None, use this value to reset `self.lr_decay`. Default: None.
        :param reset_lr: if not None, use this value to reset `self.lr`. Default: None.
        :return:
        """

        self.lr = self.lr * self.lr_decay
        if reset_lr_decay is not None:
            self.lr_decay = reset_lr_decay
        if reset_lr is not None:
            self.lr = reset_lr
        for param_group in self.opt.param_groups:
            param_group["lr"] = self.lr


    @property
    def configure(self):
        config_dic = dict()
        config_dic["opt_name"] = self.opt_name
        opt_config = dict(self.opt.param_groups[0])
        opt_config.pop("params")
        config_dic.update(opt_config)
        config_dic["lr_decay"] = str(self.lr_decay)
        config_dic["decay_position"] = str(self.decay_position)
        config_dic["decay_decay_typeposition"] = self.position_type
        return config_dic



if __name__ == '__main__':
    import torch
    from torch.optim import Adam, RMSprop, SGD

    adam, rmsprop, sgd = Adam, RMSprop, SGD
    param = torch.nn.Linear(10, 1).parameters()
    opt = Optimizer(param, "Adam", 0.1, 10, {2: 0.01, 4: 0.1}, "step", lr=0.9, betas=(0.9, 0.999), weight_decay=1e-5)
    print(opt)
    print(opt.configure['lr'])
    opt.do_lr_decay()
    print(opt.configure['lr'])
    opt.do_lr_decay(reset_lr=0.232, reset_lr_decay=0.3)
    print(opt.configure['lr_decay'])
    opt.do_lr_decay(reset_lr=0.2)
    print(opt.configure)
    print(opt.is_decay_lr(1))
    print(opt.is_decay_lr(2))
    print(opt.is_decay_lr(40))
    print(opt.is_decay_lr(10))
    print(opt.is_reset_lr(2))
    print(opt.is_reset_lr(3))
    print(opt.is_reset_lr(4))
    param = torch.nn.Linear(10, 1).parameters()
    hpd = {"optimizer": "Adam", "lr_decay": 0.1, "decay_position": [1, 3, 5], "position_type": "epoch",
           "lr": 0.9, "betas": (0.9, 0.999), "weight_decay": 1e-5}
    opt = Optimizer(param, **hpd)




          

      

      

    

  

    
      
          
            
  Source code for jdit.assessment.fid

#!/usr/bin/env python3
"""Calculates the Frechet Inception Distance (FID) to evalulate GANs

The FID metric calculates the distance between two distributions of images.
Typically, we have summary statistics (mean & covariance matrix) of one
of these distributions, while the 2nd distribution is given by a GAN.

When run as a stand-alone program, it compares the distribution of
images that are stored as PNG/JPEG at a specified location with a
distribution given by summary statistics (in pickle format).

The FID is calculated by assuming that X_1 and X_2 are the activations of
the pool_3 layer of the inception net for generated samples and real world
samples respectivly.

See --help to see further details.

Code apapted from https://github.com/bioinf-jku/TTUR to use PyTorch instead
of Tensorflow

Copyright 2018 Institute of Bioinformatics, JKU Linz

Licensed under the Apache License, Version 2.0 (the "License");
you may not use this file except in compliance with the License.
You may obtain a copy of the License at

   http://www.apache.org/licenses/LICENSE-2.0

Unless required by applicable law or agreed to in writing, software
distributed under the License is distributed on an "AS IS" BASIS,
WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied.
See the License for the specific language governing permissions and
limitations under the License.
"""

from tqdm import *
import math
from torch import Tensor
from torch.utils.data import DataLoader
import torch.nn as nn
import torch.nn.functional as F
from torchvision import models
import torch
import numpy as np
from scipy import linalg
from torch.autograd import Variable
from torch.nn.functional import adaptive_avg_pool2d


class InceptionV3(nn.Module):
    """Pretrained _InceptionV3 network returning feature maps"""

    # Index of default block of inception to return,
    # corresponds to output of final average pooling
    DEFAULT_BLOCK_INDEX = 3

    # Maps feature dimensionality to their output blocks indices
    BLOCK_INDEX_BY_DIM = {
        64: 0,  # First max pooling features
        192: 1,  # Second max pooling featurs
        768: 2,  # Pre-aux classifier features
        2048: 3  # Final average pooling features
        }

    def __init__(self,
                 output_blocks=(DEFAULT_BLOCK_INDEX,),
                 resize_input=True,
                 normalize_input=True,
                 requires_grad=False):
        """Build pretrained _InceptionV3

        Parameters
        ----------
        output_blocks : list of int
            Indices of blocks to return features of. Possible values are:
                - 0: corresponds to output of first max pooling
                - 1: corresponds to output of second max pooling
                - 2: corresponds to output which is fed to aux classifier
                - 3: corresponds to output of final average pooling
        resize_input : bool
            If true, bilinearly resizes input to width and height 299 before
            feeding input to model. As the network without fully connected
            layers is fully convolutional, it should be able to handle inputs
            of arbitrary size, so resizing might not be strictly needed
        normalize_input : bool
            If true, normalizes the input to the statistics the pretrained
            Inception network expects
        requires_grad : bool
            If true, parameters of the model require gradient. Possibly useful
            for finetuning the network
        """
        super(InceptionV3, self).__init__()

        self.resize_input = resize_input
        self.normalize_input = normalize_input
        self.output_blocks = sorted(output_blocks)
        self.last_needed_block = max(output_blocks)

        assert self.last_needed_block <= 3, \
            'Last possible output block index is 3'

        self.blocks = nn.ModuleList()

        inception = models.inception_v3(pretrained=True)

        # Block 0: input to maxpool1
        block0 = [
            inception.Conv2d_1a_3x3,
            inception.Conv2d_2a_3x3,
            inception.Conv2d_2b_3x3,
            nn.MaxPool2d(kernel_size=3, stride=2)
            ]
        self.blocks.append(nn.Sequential(*block0))

        # Block 1: maxpool1 to maxpool2
        if self.last_needed_block >= 1:
            block1 = [
                inception.Conv2d_3b_1x1,
                inception.Conv2d_4a_3x3,
                nn.MaxPool2d(kernel_size=3, stride=2)
                ]
            self.blocks.append(nn.Sequential(*block1))

        # Block 2: maxpool2 to aux classifier
        if self.last_needed_block >= 2:
            block2 = [
                inception.Mixed_5b,
                inception.Mixed_5c,
                inception.Mixed_5d,
                inception.Mixed_6a,
                inception.Mixed_6b,
                inception.Mixed_6c,
                inception.Mixed_6d,
                inception.Mixed_6e,
                ]
            self.blocks.append(nn.Sequential(*block2))

        # Block 3: aux classifier to final avgpool
        if self.last_needed_block >= 3:
            block3 = [
                inception.Mixed_7a,
                inception.Mixed_7b,
                inception.Mixed_7c,
                nn.AdaptiveAvgPool2d(output_size=(1, 1))
                ]
            self.blocks.append(nn.Sequential(*block3))

        for param in self.parameters():
            param.requires_grad = requires_grad

    def forward(self, inp):
        """Get Inception feature maps

        Parameters
        ----------
        inp : torch.autograd.Variable
            Input tensor of shape Bx3xHxW. Values are expected to be in
            range (0, 1)

        Returns
        -------
        List of torch.autograd.Variable, corresponding to the selected output
        block, sorted ascending by index
        """
        outp = []
        x = inp

        if self.resize_input:
            # x = F.upsample(x, size=(299, 299), mode='bilinear')
            x = F.interpolate(x, size=(299, 299), mode='bilinear', align_corners=False)
        if self.normalize_input:
            x = x.clone()
            x[:, 0] = x[:, 0] * (0.229 / 0.5) + (0.485 - 0.5) / 0.5
            x[:, 1] = x[:, 1] * (0.224 / 0.5) + (0.456 - 0.5) / 0.5
            x[:, 2] = x[:, 2] * (0.225 / 0.5) + (0.406 - 0.5) / 0.5

        for idx, block in enumerate(self.blocks):
            x = block(x)
            if idx in self.output_blocks:
                outp.append(x)

            if idx == self.last_needed_block:
                break

        return outp


# ______________________________________________________________

def compute_act_statistics_from_loader(dataloader: DataLoader, model, gpu_ids):
    """

    :param dataloader:
    :param model:
    :param gpu_ids:
    :return:
    """
    model.eval()
    pred_arr = None
    image = Variable().cuda() if len(gpu_ids) > 0 else Variable()
    model = model.cuda() if len(gpu_ids) > 0 else model
    for iteration, batch in tqdm(enumerate(dataloader, 1)):

        image.data.resize_(batch[0].size()).copy_(batch[0])
        with torch.autograd.no_grad():
            pred = model(image)[0]  # [batchsize, 1024,1,1]
        if pred.shape[2] != 1 or pred.shape[3] != 1:
            pred = adaptive_avg_pool2d(pred, output_size=(1, 1))
        if pred_arr is None:
            pred_arr = pred
        else:
            pred_arr = torch.cat((pred_arr, pred))  # [?, 2048, 1, 1]

    pred_arr = pred_arr.cpu().numpy().reshape(pred_arr.size()[0], -1)  # [?, 2048]
    mu = np.mean(pred_arr, axis=0)
    sigma = np.cov(pred_arr, rowvar=False)
    return mu, sigma


def compute_act_statistics_from_torch(tensor, model, gpu_ids):
    model.eval()
    model = model.cuda() if len(gpu_ids) > 0 else model

    image = Variable().cuda() if len(gpu_ids) > 0 else Variable()
    image.data.resize_(tensor.size()).copy_(tensor)  # [Total, C, H, W]
    with torch.autograd.no_grad():
        pred = model(image)[0]  # [batchsize, 1024,1,1]
        if pred.shape[2] != 1 or pred.shape[3] != 1:
            pred = adaptive_avg_pool2d(pred, output_size=(1, 1))

    pred_np = pred.cpu().numpy().reshape(len(pred), -1)  # [?, 2048]
    mu = np.mean(pred_np, axis=0)
    sigma = np.cov(pred_np, rowvar=False)
    return mu, sigma


def compute_act_statistics_from_path(path, model, gpu_ids, dims, batch_size=32, verbose=True):
    if path.endswith('.npz'):
        f = np.load(path)
        mu, sigma = f['mu'][:], f['sigma'][:]
        f.close()
    else:
        import pathlib
        from scipy.misc import imread
        path = pathlib.Path(path)
        files = list(path.glob('*.jpg')) + list(path.glob('*.png'))

        images = np.array([imread(str(fn)).astype(np.float32) for fn in files])
        # Bring images to shape (B, 3, H, W)
        images = images.transpose((0, 3, 1, 2))
        # Rescale images to be between 0 and 1
        images /= 255

        # act = get_activations(images, model, batch_size, dims, cuda, verbose)
        model.eval()
        model = model.cuda() if len(gpu_ids) > 0 else model
        d0 = images.shape[0]
        if batch_size > d0:
            print(('Warning: batch size is bigger than the data size. '
                   'Setting batch size to data size'))
            batch_size = d0
        n_batches = d0 // batch_size
        n_used_imgs = n_batches * batch_size
        pred_arr = np.empty((n_used_imgs, dims))
        for i in range(n_batches):
            if verbose:
                print('\rPropagating batch %d/%d' % (i + 1, n_batches),
                      end='', flush=True)
            start = i * batch_size
            end = start + batch_size

            batch = torch.from_numpy(images[start:end]).type(torch.FloatTensor)
            batch = Variable(batch, volatile=True)
            if len(gpu_ids) > 0:
                batch = batch.cuda()
            pred = model(batch)[0]
            # If model output is not scalar, apply global spatial average pooling.
            # This happens if you choose a dimensionality not equal 2048.
            if pred.shape[2] != 1 or pred.shape[3] != 1:
                pred = adaptive_avg_pool2d(pred, output_size=(1, 1))

            pred_arr[start:end] = pred.cpu().data.numpy().reshape(batch_size, -1)

        mu = np.mean(pred_arr, axis=0)
        sigma = np.cov(pred_arr, rowvar=False)
    return mu, sigma


def calculate_frechet_distance(mu1, sigma1, mu2, sigma2, eps=1e-6):
    """Numpy implementation of the Frechet Distance.
    The Frechet distance between two multivariate Gaussians X_1 ~ N(mu_1, C_1)
    and X_2 ~ N(mu_2, C_2) is
            d^2 = ||mu_1 - mu_2||^2 + Tr(C_1 + C_2 - 2*sqrt(C_1*C_2)).

    Stable version by Dougal J. Sutherland.

    Params:
    -- mu1   : Numpy array containing the activations of a layer of the
               inception net (like returned by the function 'get_predictions')
               for generated samples.
    -- mu2   : The sample mean over activations, precalculated on an
               representive data set.
    -- sigma1: The covariance matrix over activations for generated samples.
    -- sigma2: The covariance matrix over activations, precalculated on an
               representive data set.

    Returns:
    --   : The Frechet Distance.
    """

    mu1 = np.atleast_1d(mu1)
    mu2 = np.atleast_1d(mu2)

    sigma1 = np.atleast_2d(sigma1)
    sigma2 = np.atleast_2d(sigma2)

    assert mu1.shape == mu2.shape, \
        'Training and test mean vectors have different lengths'
    assert sigma1.shape == sigma2.shape, \
        'Training and test covariances have different dimensions'

    diff = mu1 - mu2

    # Product might be almost singular
    covmean, _ = linalg.sqrtm(sigma1.dot(sigma2), disp=False)
    if not np.isfinite(covmean).all():
        msg = ('fid calculation produces singular product; '
               'adding %s to diagonal of cov estimates') % eps
        print(msg)
        offset = np.eye(sigma1.shape[0]) * eps
        covmean = linalg.sqrtm((sigma1 + offset).dot(sigma2 + offset))

    # Numerical error might give slight imaginary component
    if np.iscomplexobj(covmean):
        if not np.allclose(np.diagonal(covmean).imag, 0, atol=1e-3):
            m = np.max(np.abs(covmean.imag))
            raise ValueError('Imaginary component {}'.format(m))
        covmean = covmean.real

    tr_covmean = np.trace(covmean)

    return (diff.dot(diff) + np.trace(sigma1) +
            np.trace(sigma2) - 2 * tr_covmean)


BLOCK_INDEX_BY_DIM = {
    64: 0,  # First max pooling features
    192: 1,  # Second max pooling featurs
    768: 2,  # Pre-aux classifier features
    2048: 3  # Final average pooling features
    }


[docs]def FID_score(source, target, sample_prop=1.0, gpu_ids=(), dim=2048, batchsize=128, verbose=True):
    """ Compute FID score from ``Tensor``, ``DataLoader`` or a directory``path``.


    :param source: source data.
    :param target: target data.
    :param sample_prop: If passing a ``Tensor`` source, set this rate to sample a part of data from source.
    :param gpu_ids: gpu ids.
    :param dim: The number of features. Three options available.

        * 64:   The first max pooling features of Inception.

        * 192:  The Second max pooling features of Inception.

        * 768:  The Pre-aux classifier features of Inception.

        * 2048: The Final average pooling features of Inception.

        Default: 2048.
    :param batchsize: Only using for passing paths of source and target.
    :param verbose: If show processing log.
    :return: fid score

    .. attention ::

        If you are passing ``Tensor`` as source and target.
        Make sure you have enough memory to load these data in _InceptionV3.
        Otherwise, please passing ``path`` of ``DataLoader`` to compute them step by step.

    Example::

        >>> from jdit.dataset import Cifar10
        >>> loader = Cifar10(root=r"../../datasets/cifar10", batch_shape=(32, 3, 32, 32))
        >>> target_tensor = loader.samples_train[0]
        >>> source_tensor = loader.samples_valid[0]
        >>> # using Tensor to compute FID score
        >>> fid_value = FID_score(source_tensor, target_tensor, sample_prop=0.01, depth=768)
        >>> print('FID: ', fid_value)
        >>> # using DataLoader to compute FID score
        >>> fid_value = FID_score(loader.loader_test, loader.loader_valid, depth=768)
        >>> print('FID: ', fid_value)

    """
    assert sample_prop <= 1 and sample_prop > 0, "sample_prop must between 0 and 1, but %s got" % sample_prop
    model = InceptionV3([InceptionV3.BLOCK_INDEX_BY_DIM[dim]])
    if isinstance(source, Tensor) and isinstance(target, Tensor):
        # source[?,C,H,W] target[?,C,H,W]
        s_length = len(source)
        t_length = len(target)
        nums_sample = math.floor(min(s_length, t_length) * sample_prop)
        s_mu, s_sigma = compute_act_statistics_from_torch(source[0:nums_sample], model, gpu_ids)
        t_mu, t_sigma = compute_act_statistics_from_torch(target[0:nums_sample], model, gpu_ids)

    elif isinstance(source, DataLoader) and isinstance(target, DataLoader):
        s_mu, s_sigma = compute_act_statistics_from_loader(source, model, gpu_ids)
        t_mu, t_sigma = compute_act_statistics_from_loader(target, model, gpu_ids)
    elif isinstance(source, str) and isinstance(target, str):
        s_mu, s_sigma = compute_act_statistics_from_path(source, model, gpu_ids, dim, batchsize, verbose)
        t_mu, t_sigma = compute_act_statistics_from_path(target, model, gpu_ids, dim, batchsize, verbose)
    else:
        raise Exception

    fid_value = calculate_frechet_distance(s_mu, s_sigma, t_mu, t_sigma)
    return fid_value





          

      

      

    

  

    
      
          
            
  Source code for jdit.parallel.parallel_trainer

# coding=utf-8

from multiprocessing import Pool
import traceback
import copy


# class SupParallelTrainer(object):
#     """ Training parallel
#
#     .. attr::`default_params` is the default params.
#
#     .. attr::`unfixed_params_list` is the different params.
#
#
#     :param default_params: a ``dict()`` like ``{param_1:d1, param_2:d2 ...}``
#     :param unfixed_params_list:  a ``list`` like ``[{param_1:a1, param_2:a2}, {param_1:b1, param_2:b2}, ...]``.
#
#     .. note ::
#
#         You must set the value of ``task_id`` and ``gpu_ids_abs``, regardless in ``default_params`` or
#         ``unfixed_params_list``.
#
#          ``{'task_id': 1`}`` , ``{'gpu_ids_abs': [0,1]}`` .
#
#          * For the same ``task_id`` , the tasks will be executed **sequentially** on the certain devices.
#          * For the different ``task_id`` , the will be executed **parallelly** on the certain devices.
#
#
#     Example:
#
#         .. code::
#
#             unfixed_params_list = [
#                 {'task_id':1, 'lr':1e-3,'gpu_ids_abs': [0] },
#                 {'task_id':1, 'lr':1e-4,'gpu_ids_abs': [0] },
#                 {'task_id':2, 'lr':1e-5,'gpu_ids_abs': [2,3] }]
#
#         This set of ``unfixed_params_list`` means that:
#
#         +------+-----------------------+----------------------+---------------------+
#         | time | 'task_id':1           | 'task_id':2          |                     |
#         +======+=======================+======================+=====================+
#         | t    | 'lr':1e-3,            | 'lr':1e-5,           | executed parallelly |
#         |      | 'gpu_ids_abs': [0]    | 'gpu_ids_abs': [2,3] |                     |
#         +------+-----------------------+----------------------+---------------------+
#         | t+1  | 'lr':1e-4,            | \                    |                     |
#         |      | 'gpu_ids_abs': [0]    |                      |                     |
#         +------+-----------------------+----------------------+---------------------+
#         |      | executed sequentially | \                    |                     |
#         +------+-----------------------+----------------------+---------------------+
#
#     """
#
#     def __init__(self, default_params: dict, unfixed_params_list: list):
#         """
#
#         :param default_params: a ``dict()`` like {param:v1, param:v2 ...}
#         :param unfixed_params_list:  a ``list`` like [{param:v1, param:v2}, {param:v1, param:v2}, ...].
#         You must set the value of `task_id` and `gpu_ids_abs`, like {'task_id': 1}. {'gpu_ids_abs': [0,1]},
#         regardless in ``default_params`` or ``unfixed_params_list``.
#
#         .. note ::
#
#             You must set the value of `task_id` and `gpu_ids_abs`, like {'task_id': 1}. {'gpu_ids_abs': [0,1]}
#
#         """
#         self.default_params = default_params
#         # {params:123}
#         self.unfixed_params_list = unfixed_params_list  #
#         # self.unfixed_params_list =[{'depth':12},{'depth':18},{'depth':24},{'depth':26}]
#
#         self.candidate_params_list = self._build_candidate_params(default_params, unfixed_params_list)
#         # [{params1..},{params2...}]
#         self.parallel_plans = self._distribute_task(self.candidate_params_list)
#         # self.parallel_plans = {(task_id):[{param1},{param2}]}
#
#     @abstractmethod
#     def build_task_trainer(self, params: dict):
#         """You need to write this method to build your own ``Trainer``.
#
#         This will run in a certain subprocess.
#         The keys of ``params`` are compatible with ``dataset`` , ``Model`` , ``Optimizer`` and ``Trainer`` .
#         You can see parameters in the following example.
#
#         These two parameters are special.
#
#         * ``params["logdir"]``   controls the log directory.
#         * ``params["gpu_ids_abs"]`` controls the running devices.
#
#         You should return a ``Trainer`` when you finish you building.
#
#         :param params: parameters dictionary.
#         :return: Trainer
#
#         Example::
#
#             # Using ``params['key']`` to build your Trainer.
#             logdir = params["logdir"] # necessary!
#             gpu_ids_abs = params["gpu_ids_abs"] # necessary!
#             use_benchmark = params["use_benchmark"]
#             data_root = params["data_root"]
#             batch_shape = params["batch_shape"]
#             opt_name = params["opt_name"]
#             lr = params["lr"]
#             lr_decay = params["lr_decay"]
#             lr_minimum = params["lr_minimum"]
#             weight_decay = params["weight_decay"]
#             momentum = params["momentum"]
#             betas = params["betas"]
#             init_method = params["init_method"]
#             depth = params["depth"]
#             mid_channels = params["mid_channels"]
#             nepochs = params["nepochs"]
#
#             torch.backends.cudnn.benchmark = use_benchmark
#             mnist = FashionMNIST(root=data_root, batch_shape=batch_shape)
#             T_net = Model(Tresnet18(depth=depth, mid_channels=mid_channels), gpu_ids_abs=gpu_ids_abs,
#                           init_method=init_method)
#             opt = Optimizer(T_net.parameters(), lr, lr_decay, weight_decay, momentum, betas, opt_name,
#                             lr_minimum=lr_minimum)
#             Trainer = FashingClassTrainer(logdir, nepochs, gpu_ids_abs, T_net, opt, mnist)
#             # You must return a Trainer!
#             return Trainer
#
#         """
#
#         pass
#
#     def train(self, max_processes=4):
#         """start parallel task
#
#         To start the parallel task that were saved in  ``self.parallel_plans`` dictionary.
#
#         :param max_processes: A max amount of processes for setting ``Pool(processes = ?)`` method.
#
#         """
#         # print("Main process ID: %d" % os.getpid())
#         print('Waiting for all subprocesses done...\n%s' % ('=' * 36))
#         p = Pool(max_processes)
#         # {(gpu_id1):[{param1}, {param2}], (gpu_id2):[{param1}, {param2}]}
#         for position, parallel_plan in enumerate(self.parallel_plans.items()):
#             # task_id, candidate_params = parallel_plan
#             p.apply_async(self._start_train, (parallel_plan, position),
#                           callback=self.finish, error_callback=self.error)
#         # p.map_async(self._start_train, self.parallel_plans.items(), callback=self.finish, error_callback=self.error)
#
#         p.close()
#         p.join()
#         print('All subprocesses done.')
#
#     def _start_train(self, parallel_plan: tuple, position: int):
#         task_id, candidate_params = parallel_plan
#         # task_id, candidate_params = parallel_planChild process ID:
#         nums_tasks = len(candidate_params)
#         # print("Task %s child process ID: %d" % (task_id, os.getpid()))
#         for index, params in enumerate(candidate_params):
#             tag = "CPU" if not params["gpu_ids_abs"] else "GPU%s" % str(params["gpu_ids_abs"])
#             process_bar_header = ">>>T%d:(%d/%d)|%s" % (task_id, index, nums_tasks, tag)
#             trainer = self.build_task_trainer(params)
#             try:
#                 trainer.train(process_bar_header=process_bar_header, process_bar_position=position,
#                 subbar_disable=True)
#             except Exception as e:
#                 print('str(Exception):\t', str(Exception))
#                 print('repr(e):\t', repr(e))
#                 print(traceback.print_exc())
#                 print('traceback.format_exc():\n%s' % traceback.format_exc())
#
#     def _distribute_task(self, candidate_params_list: list):
#         for params in candidate_params_list:
#             assert "gpu_ids_abs" in params and "task_id" in params, "You must pass params `gpu_ids_abs` to set device"
#             assert "task_id" in params, "You must pass params `task_id` to set a task ID"
#         tasks_plan = dict({})  # (task_id):[t3],(task_id):[t1,t2]
#         for candidate_params in candidate_params_list:
#             task_id = candidate_params["task_id"]
#             if task_id in tasks_plan:
#                 # if task_id have been used, append to the former tasks.
#                 tasks_plan[task_id].append(candidate_params)
#             else:
#                 # if task_id  have not been used, create a new task list.
#                 tasks_plan[task_id] = [candidate_params]
#         # trainers_plan = list(gpu_used_plan.values)  # [[t1,t2],[t3]...]
#         return tasks_plan
#
#     def _build_candidate_params(self, default_params: dict, unfixed_params_list: list):
#         final_unfixed_params_list = self._add_logdirs_to_unfixed_params(unfixed_params_list)
#         total_params = []
#         import copy
#         for unfixedparams_dict in final_unfixed_params_list:
#             params = copy.deepcopy(default_params)
#             for key, value in unfixedparams_dict.items():
#                 params[key] = value
#             total_params.append(copy.deepcopy(params))
#         return total_params
#
#     def _add_logdirs_to_unfixed_params(self, unfixed_params_list: list):
#         import copy
#         final_unfixed_params_list = copy.deepcopy(unfixed_params_list)
#         use_auto_logdir = not "logdir" in unfixed_params_list[0]
#         if use_auto_logdir:
#             print("Build log directories automatically!")
#             for index, params_dict in enumerate(unfixed_params_list):  # [dict(),dict()]
#                 logdir_name = []
#                 for key, value in params_dict.items():  # params_dict = {p1:1, p2:2}
#                     if key == "task_id":
#                         continue
#                     if key == 'gpu_ids_abs':
#                         key = 'gpu'
#                     param_name = "=".join([str(key), str(value)])
#                     logdir_name.append(param_name)
#                     final_unfixed_params_list[index]["logdir"] = "plog/" + ",".join(logdir_name)
#         else:
#             for index, params_dict in enumerate(unfixed_params_list):  # [dict(),dict()]
#                 final_unfixed_params_list[index]["logdir"] = self._convert_to_dirname(
#                         unfixed_params_list[index]["logdir"])
#
#         print("logdir names are:\n\t%s" % "\n\t".join([params["logdir"] for params in final_unfixed_params_list]))
#
#         return final_unfixed_params_list  # [dir1, dir2, dir3]
#
#     def _convert_to_dirname(self, item: str):
#         dir_name = item.strip()
#         replace_dict = {"*": "",
#                         ">": "greater",
#                         "<": "smaller",
#                         "|": "-",
#                         ":": "%",
#                         "?": "$",
#                         "/": "_",
#                         "\\": "_",
#                         }
#         for key, value in replace_dict.items():
#             dir_name = str(dir_name).replace(key, value)
#             if len(dir_name) > 50:
#                 import warnings
#                 warnings.warn("the length of `dir_name`(%d) is greater than 50."
#                               "It will be cut to `dir_name[0:50]`" % len(dir_name))
#                 dir_name = dir_name[0:50]
#         return dir_name
#
#     def finish(self, msg):
#         """When a subprocess finished, it will be called.
#
#         You can rewrite this method for your purpose.
#         :param msg: fin
#         """
#
#         # print("%s finished!" % os.getpid(), msg)
#         pass
#
#     def error(self, msg):
#         """When a subprocess failed, it will be called.
#
#         You can rewrite this method for your purpose.
#         :param msg: error massage
#         """
#         print(msg)


[docs]class SupParallelTrainer(object):
    """ Training parallel

    .. attr::`default_params` is the default params.

    .. attr::`unfixed_params_list` is the different params.


    :param default_params: a ``dict()`` like ``{param_1:d1, param_2:d2 ...}``
    :param unfixed_params_list:  a ``list`` like ``[{param_1:a1, param_2:a2}, {param_1:b1, param_2:b2}, ...]``.

    .. note ::

        You must set the value of ``task_id`` and ``gpu_ids_abs``, regardless in ``default_params`` or
        ``unfixed_params_list``.

         ``{'task_id': 1`}`` , ``{'gpu_ids_abs': [0,1]}`` .

         * For the same ``task_id`` , the tasks will be executed **sequentially** on the certain devices.
         * For the different ``task_id`` , the will be executed **parallelly** on the certain devices.


    Example:

        .. code::

            unfixed_params_list = [
                {'task_id':1, 'lr':1e-3,'gpu_ids_abs': [0] },
                {'task_id':1, 'lr':1e-4,'gpu_ids_abs': [0] },
                {'task_id':2, 'lr':1e-5,'gpu_ids_abs': [2,3] }]

        This set of ``unfixed_params_list`` means that:

        +------+-----------------------+----------------------+---------------------+
        | time | 'task_id':1           | 'task_id':2          |                     |
        +======+=======================+======================+=====================+
        | t    | 'lr':1e-3,            | 'lr':1e-5,           | executed parallelly |
        |      | 'gpu_ids_abs': [0]    | 'gpu_ids_abs': [2,3] |                     |
        +------+-----------------------+----------------------+---------------------+
        | t+1  | 'lr':1e-4,            | \                    |                     |
        |      | 'gpu_ids_abs': [0]    |                      |                     |
        +------+-----------------------+----------------------+---------------------+
        |      | executed sequentially | \                    |                     |
        +------+-----------------------+----------------------+---------------------+

    """

    def __init__(self, unfixed_params_list: list, train_func=None):
        """

        :param default_params: a ``dict()`` like {param:v1, param:v2 ...}
        :param unfixed_params_list:  a ``list`` like [{param:v1, param:v2}, {param:v1, param:v2}, ...].
        You must set the value of `task_id` and `gpu_ids_abs`, like {'task_id': 1}. {'gpu_ids_abs': [0,1]},
        regardless in ``default_params`` or ``unfixed_params_list``.

        .. note ::

            You must set the value of `task_id` and `gpu_ids_abs`, like {'task_id': 1}. {'gpu_ids_abs': [0,1]}

        """

        if train_func is not None:
            self.build_task_trainer_ = train_func

        candidate_params_list = self._add_logdirs_to_unfixed_params(unfixed_params_list)
        # [{params1..},{params2...}]
        self.parallel_plans = self._distribute_task(candidate_params_list)
        # self.parallel_plans = {task_id:[{param1},{param2}]}

[docs]    def build_task_trainer(self, unfixed_params: dict):
        """You need to write this method to build your own ``Trainer``.

        This will run in a certain subprocess.
        The keys of ``params`` are compatible with ``dataset`` , ``Model`` , ``Optimizer`` and ``Trainer`` .
        You can see parameters in the following example.

        These two parameters are special.

        * ``params["logdir"]``   controls the log directory.
        * ``params["gpu_ids_abs"]`` controls the running devices.

        You should return a ``Trainer`` when you finish you building.

        :param params: parameters dictionary.
        :return: Trainer

        Example::

            # Using ``params['key']`` to build your Trainer.
            logdir = params["logdir"] # necessary!
            gpu_ids_abs = params["gpu_ids_abs"] # necessary!
            use_benchmark = params["use_benchmark"]
            data_root = params["data_root"]
            batch_shape = params["batch_shape"]
            opt_name = params["opt_name"]
            lr = params["lr"]
            lr_decay = params["lr_decay"]
            lr_minimum = params["lr_minimum"]
            weight_decay = params["weight_decay"]
            momentum = params["momentum"]
            betas = params["betas"]
            init_method = params["init_method"]
            depth = params["depth"]
            mid_channels = params["mid_channels"]
            nepochs = params["nepochs"]

            torch.backends.cudnn.benchmark = use_benchmark
            mnist = FashionMNIST(root=data_root, batch_shape=batch_shape)
            T_net = Model(Tresnet18(depth=depth, mid_channels=mid_channels), gpu_ids_abs=gpu_ids_abs,
                          init_method=init_method)
            opt = Optimizer(T_net.parameters(), lr, lr_decay, weight_decay, momentum, betas, opt_name,
                            lr_minimum=lr_minimum)
            Trainer = FashingClassTrainer(logdir, nepochs, gpu_ids_abs, T_net, opt, mnist)
            # You must return a Trainer!
            return Trainer

        """
        return self.build_task_trainer_(unfixed_params)


[docs]    def train(self, max_processes=4):
        """start parallel task

        To start the parallel task that were saved in  ``self.parallel_plans`` dictionary.

        :param max_processes: A max amount of processes for setting ``Pool(processes = ?)`` method.

        """
        # print("Main process ID: %d" % os.getpid())
        print('Waiting for all subprocesses done...\n%s' % ('=' * 36))
        p = Pool(max_processes)
        # {(gpu_id1):[{param1}, {param2}], (gpu_id2):[{param1}, {param2}]}
        for position, parallel_plan in enumerate(self.parallel_plans.items()):
            # task_id, candidate_params = parallel_plan
            p.apply_async(self._start_train, (parallel_plan, position),
                          callback=self.finish, error_callback=self.error)
        # p.map_async(self._start_train, self.parallel_plans.items(), callback=self.finish, error_callback=self.error)

        p.close()
        p.join()
        print('All subprocesses done.')


    def _start_train(self, parallel_plan: tuple, position: int):
        task_id, candidate_params = parallel_plan
        # task_id, candidate_params = parallel_planChild process ID:
        nums_tasks = len(candidate_params)
        # print("Task %s child process ID: %d" % (task_id, os.getpid()))
        for index, params in enumerate(candidate_params):
            tag = "CPU" if not params["gpu_ids_abs"] else "GPU%s" % str(params["gpu_ids_abs"])
            process_bar_header = ">>>T%d:(%d/%d)|%s" % (task_id, index, nums_tasks, tag)
            trainer = self.build_task_trainer(params)
            try:
                trainer.train(process_bar_header=process_bar_header, process_bar_position=position, subbar_disable=True)
            except Exception as e:
                print('str(Exception):\t', str(Exception))
                print('repr(e):\t', repr(e))
                print(traceback.print_exc())
                print('traceback.format_exc():\n%s' % traceback.format_exc())

    @staticmethod
    def _distribute_task(candidate_params_list: list):
        for params in candidate_params_list:
            if "task_id" not in params:
                raise ValueError("You must pass params `task_id` as a key to set a task ID")
        tasks_plan = dict({})  # (task_id):[t3],(task_id):[t1,t2]
        for candidate_params in candidate_params_list:
            task_id = candidate_params["task_id"]
            if task_id in tasks_plan:
                # if task_id have been used, append to the former tasks.
                tasks_plan[task_id].append(candidate_params)
            else:
                # if task_id  have not been used, create a new task list.
                tasks_plan[task_id] = [candidate_params]
        # trainers_plan = list(gpu_used_plan.values)  # [[t1,t2],[t3]...]
        return tasks_plan

    def _add_logdirs_to_unfixed_params(self, unfixed_params_list: list):
        final_unfixed_params_list = copy.deepcopy(unfixed_params_list)
        use_auto_logdir = not "logdir" in unfixed_params_list[0]
        if use_auto_logdir:
            print("Build log directories automatically!")
            for index, params_dict in enumerate(unfixed_params_list):  # [dict(),dict()]
                logdir_name = []
                for key, value in params_dict.items():  # params_dict = {p1:1, p2:2}
                    if key == "task_id":
                        continue
                    if key == 'gpu_ids_abs':
                        key = 'gpu'
                    param_name = "=".join([str(key), str(value)])
                    logdir_name.append(param_name)
                    final_unfixed_params_list[index]["logdir"] = "plog/" + ",".join(logdir_name)
        else:
            for index, params_dict in enumerate(unfixed_params_list):  # [dict(),dict()]
                final_unfixed_params_list[index]["logdir"] = self._convert_to_dirname(
                        unfixed_params_list[index]["logdir"])

        print("logdir names are:\n\t%s" % "\n\t".join([params["logdir"] for params in final_unfixed_params_list]))

        return final_unfixed_params_list  # [dir1, dir2, dir3]

    def _convert_to_dirname(self, item: str):
        dir_name = item.strip()
        replace_dict = {"*": "",
                        ">": "greater",
                        "<": "smaller",
                        "|": "-",
                        ":": "%",
                        "?": "$",
                        "/": "_",
                        "\\": "_",
                        }
        for key, value in replace_dict.items():
            dir_name = str(dir_name).replace(key, value)
            if len(dir_name) > 50:
                import warnings
                warnings.warn("the length of `dir_name`(%d) is greater than 50."
                              "It will be cut to `dir_name[0:50]`" % len(dir_name))
                dir_name = dir_name[0:50]
        return dir_name

[docs]    def finish(self, msg):
        """When a subprocess finished, it will be called.

        You can rewrite this method for your purpose.
        :param msg: fin
        """
        # print("%s finished!" % os.getpid(), msg)
        pass


[docs]    def error(self, msg):
        """When a subprocess failed, it will be called.

        You can rewrite this method for your purpose.
        :param msg: error massage
        """
        print(msg)



# class Task(object):
#
#     def __init__(self, *param_dicts):
#
#         candidate_params_list = self._add_logdirs_to_unfixed_params(param_dicts)
#
#         self.parallel_plans = self._distribute_task_on_devices(candidate_params_list)
#
#     def _add_logdirs_to_unfixed_params(self, unfixed_params_list: tuple):
#
#         final_unfixed_params_list = copy.deepcopy(unfixed_params_list)
#         use_auto_logdir = not "logdir" in unfixed_params_list[0]
#         if use_auto_logdir:
#             print("Build log directories automatically!")
#             for index, params_dict in enumerate(unfixed_params_list):  # [dict(),dict()]
#                 logdir_name = []
#                 for key, value in params_dict.items():  # params_dict = {p1:1, p2:2}
#                     if key == "task_id":
#                         continue
#                     if key == 'gpu_ids_abs':
#                         key = 'gpu'
#                     param_name = "=".join([str(key), str(value)])
#                     logdir_name.append(param_name)
#                     final_unfixed_params_list[index]["logdir"] = "plog/" + ",".join(logdir_name)
#         else:
#             for index, params_dict in enumerate(unfixed_params_list):  # [dict(),dict()]
#                 final_unfixed_params_list[index]["logdir"] = self._convert_to_dirname(
#                         unfixed_params_list[index]["logdir"])
#
#         print("logdir names are:\n\t%s" % "\n\t".join([params["logdir"] for params in final_unfixed_params_list]))
#
#         return final_unfixed_params_list  # [dir1, dir2, dir3]
#
#     def _distribute_task_on_devices(self, candidate_params_list: tuple):
#         for params in candidate_params_list:
#             assert "task_id" in params, "You must pass params `task_id` to set a task ID"
#         tasks_plan = dict({})  # (task_id):[t3],(task_id):[t1,t2]
#         for candidate_params in candidate_params_list:
#             task_id = candidate_params["task_id"]
#             if task_id in tasks_plan:
#                 # if task_id have been used, append to the former tasks.
#                 tasks_plan[task_id].append(candidate_params)
#             else:
#                 # if task_id  have not been used, create a new task list.
#                 tasks_plan[task_id] = [candidate_params]
#         # trainers_plan = list(gpu_used_plan.values)  # [[t1,t2],[t3]...]
#         return tasks_plan
#
#     def _convert_to_dirname(self, item: str):
#         dir_name = item.strip()
#         replace_dict = {"*": "",
#                         ">": "greater",
#                         "<": "smaller",
#                         "|": "-",
#                         ":": "%",
#                         "?": "$",
#                         "/": "_",
#                         "\\": "_",
#                         }
#         for key, value in replace_dict.items():
#             dir_name = str(dir_name).replace(key, value)
#             if len(dir_name) > 50:
#                 import warnings
#                 warnings.warn("the length of `dir_name`(%d) is greater than 50."
#                               "It will be cut to `dir_name[0:50]`" % len(dir_name))
#                 dir_name = dir_name[0:50]
#         return dir_name




          

      

      

    

  

    
      
          
            
  Source code for jdit.trainer.super

from abc import ABCMeta, abstractmethod
from types import FunctionType
from tqdm import tqdm
from torch.utils.data import random_split
import traceback
import shutil
from typing import Union
from jdit.dataset import DataLoadersFactory
from jdit.model import Model
from jdit.optimizer import Optimizer

import torch
import torchvision.transforms as transforms
from torchvision.utils import make_grid


from torch.utils.tensorboard import SummaryWriter

import os
import random
import csv
import numpy as np

from functools import wraps


[docs]class SupTrainer(object):
    """this is a super class of all trainers

    It defines:
    * The basic tools, ``Performance()``, ``Watcher()``, ``Loger()``.
    * The basic loop of epochs.
    * Learning rate decay and model check point.
    """

    __metaclass__ = ABCMeta

    def __new__(cls, *args, **kwargs):
        instance = super(SupTrainer, cls).__new__(cls)
        instance._opts = dict()
        instance._datasets = dict()
        instance._models = dict()
        return instance

    def __init__(self, nepochs: int, logdir: str, gpu_ids_abs: Union[list, tuple] = ()):
        # os.environ["CUDA_VISIBLE_DEVICES"] = ",".join([str(i) for i in gpu_ids_abs])
        # self.gpu_ids = [i for i in range(len(gpu_ids_abs))]
        self.gpu_ids = gpu_ids_abs
        self.logdir = logdir
        self.performance = Performance(gpu_ids_abs)
        self.watcher = Watcher(logdir)
        self.loger = Loger(logdir)

        self.use_gpu = True if (len(self.gpu_ids) > 0) and torch.cuda.is_available() else False
        self.device = torch.device("cuda:%d" % self.gpu_ids[0]) if self.use_gpu else torch.device("cpu")
        self.input = torch.Tensor()
        self.ground_truth = torch.Tensor()
        self.nepochs = nepochs
        self.current_epoch = 0
        self.step = 0
        self.start_epoch = 1

[docs]    def train(self, process_bar_header: str = None, process_bar_position: int = None, subbar_disable=False,
              record_configs=True, show_network=False, **kwargs):
        """The main training loop of epochs.

        :param process_bar_header: The tag name of process bar header,
         which is used in ``tqdm(desc=process_bar_header)``
        :param process_bar_position: The process bar's position. It is useful in multitask,
         which is used in ``tqdm(position=process_bar_position)``
        :param subbar_disable: If show the info of every training set,
        :param record_configs: If record the training processing data.
        :param show_network: If show the structure of network. It will cost extra memory,
        :param kwargs: Any other parameters that passing to ``tqdm()`` to control the behavior of process bar.
        """
        if record_configs:
            self._record_configs()
        if show_network:
            self.plot_graphs_lazy()
        for epoch in tqdm(range(self.start_epoch, self.nepochs + 1), total=self.nepochs,
                          unit="epoch", desc=process_bar_header, position=process_bar_position, **kwargs):
            self.current_epoch = epoch
            self.train_epoch(subbar_disable)
            self.valid_epoch()
        self.test()
        self.watcher.close()


[docs]    def dist_train(self, process_bar_header: str = None, process_bar_position: int = None,
                   subbar_disable=False,
                   record_configs=True, show_network=False, **kwargs):
        """The main training loop of epochs.

        :param process_bar_header: The tag name of process bar header,
         which is used in ``tqdm(desc=process_bar_header)``
        :param process_bar_position: The process bar's position. It is useful in multitask,
         which is used in ``tqdm(position=process_bar_position)``
        :param subbar_disable: If show the info of every training set,
        :param record_configs: If record the training processing data.
        :param show_network: If show the structure of network. It will cost extra memory,
        :param kwargs: Any other parameters that passing to ``tqdm()`` to control the behavior of process bar.
        """
        if record_configs:
            self._record_configs()
        if show_network:
            self.plot_graphs_lazy()
        for epoch in tqdm(range(self.start_epoch, self.nepochs + 1), total=self.nepochs,
                          unit="epoch", desc=process_bar_header, position=process_bar_position, **kwargs):
            self._datasets["datasets"].loader_train.sampler.set_epoch(epoch)
            self.current_epoch = epoch
            self.train_epoch(subbar_disable)
            self.valid_epoch()
        self.test()
        self.watcher.close()


    def __setattr__(self, key, value):
        super(SupTrainer, self).__setattr__(key, value)

        if key == "step" and value != 0:
            is_change = super(SupTrainer, self).__getattribute__("_change_lr")("step", value)
            if is_change:
                super(SupTrainer, self).__getattribute__("_record_configs")("optimizer")
        elif key == "current_epoch" and value != 0:
            is_change_lr = super(SupTrainer, self).__getattribute__("_change_lr")("epoch", value)
            if is_change_lr:
                super(SupTrainer, self).__getattribute__("_record_configs")("optimizer")
            super(SupTrainer, self).__getattribute__("_check_point")()

            super(SupTrainer, self).__getattribute__("_record_configs")("performance")
        elif isinstance(value, Model):
            super(SupTrainer, self).__getattribute__("_models").update({key: value})
        elif isinstance(value, Optimizer):
            super(SupTrainer, self).__getattribute__("_opts").update({key: value})
        elif isinstance(value, DataLoadersFactory):
            super(SupTrainer, self).__getattribute__("_datasets").update({key: value})
        else:
            pass

    def __delattr__(self, item):
        if isinstance(item, Model):
            super(SupTrainer, self).__getattribute__("_models").pop(item)
        elif isinstance(item, Optimizer):
            super(SupTrainer, self).__getattribute__("_opts").pop(item)
        elif isinstance(item, DataLoadersFactory):
            super(SupTrainer, self).__getattribute__("_datasets").pop(item)

    def __getattribute__(self, name):
        v = super(SupTrainer, self).__getattribute__(name)
        if name == "get_data_from_batch":
            new_fc = super(SupTrainer, self).__getattribute__("_mv_device")(v)
            return new_fc
        return v

[docs]    def debug(self):
        """Debug the trainer.

        It will check the function

        * ``self._record_configs()`` save all module's configures.
        * ``self.train_epoch()`` train one epoch with several samples. So, it is vary fast.
        * ``self.valid_epoch()`` valid one epoch using dataset_valid.
        * ``self._change_lr()`` do learning rate change.
        * ``self._check_point()`` do model check point.
        * ``self.test()`` do test by using dataset_test.

        Before debug, it will reset the ``datasets`` and only pick up several samples to do fast test.
        For test, it build a ``log_debug`` directory to save the log.

        :return: bool. It will return ``True``, if passes all the tests.
        """
        self.watcher.close()
        self.logdir = "log_debug"
        # reset `log_debug`
        if os.path.exists(self.logdir):
            try:
                shutil.rmtree("log_debug")  # 递归删除文件夹
            except Exception as e:
                print('Can not remove logdir `log_debug`\n', e)
                traceback.print_exc()

        self.watcher = Watcher(self.logdir)
        self.loger = Loger(self.logdir)
        self.performance = Performance()

        # reset datasets and dataloaders
        for item in vars(self).values():
            if isinstance(item, DataLoadersFactory):
                item.batch_size = 2
                item.shuffle = False
                item.num_workers = 2
                item.dataset_train, _ = random_split(item.dataset_train, [2, len(item.dataset_train) - 2])
                item.dataset_valid, _ = random_split(item.dataset_valid, [2, len(item.dataset_valid) - 2])
                item.dataset_test, _ = random_split(item.dataset_test, [2, len(item.dataset_test) - 2])
                item.build_loaders()
                item.sample_dataset_size = 1
                print("datas range: (%s, %s)" % (item.samples_train[0].min().cpu().numpy(),
                                                 item.samples_train[0].max().cpu().numpy()))
            if isinstance(item, Model):
                item.check_point_pos = 2
            if isinstance(item, Optimizer):
                item.decay_position = 2
                item.position_type = "step"
        # the tested functions
        debug_fcs = [self._record_configs, self.train_epoch, self.valid_epoch,
                     self._change_lr, self._check_point, self.test]
        print("{:=^30}".format(">Debug<"))
        success = True

        for fc in debug_fcs:
            print("{:_^30}".format(fc.__name__ + "()"))
            try:
                if fc.__name__ == "_change_lr":
                    self.step = 2
                    is_lr_change = fc()
                    if not is_lr_change:
                        raise AssertionError("doesn't change learning rate!")
                elif fc.__name__ == "_check_point":
                    self.current_epoch = 2
                    fc()
                else:
                    fc()
            except Exception as e:
                print('Error:', e)
                traceback.print_exc()
                success = False
            else:
                print("pass!")
        self.watcher.close()
        if success:
            print("\033[1;32;40m" + "{:=^30}".format(">Debug Successful!<"))
        else:
            print("\033[1;31;40m" + "{:=^30}".format(">Debug Failed!<"))

        if os.path.exists(self.logdir):
            try:
                shutil.rmtree("log_debug")  # 递归删除文件夹
            except Exception as e:
                print('Can not remove logdir `log_debug`\n', e)
                traceback.print_exc()
        return success


[docs]    @abstractmethod
    def train_epoch(self, subbar_disable=False):
        """
        You get train loader and do a loop to deal with data.

        .. Caution::

           You must record your training step on ``self.step`` in your loop by doing things like this ``self.step +=
           1``.

        Example::

           for iteration, batch in tqdm(enumerate(self.datasets.loader_train, 1)):
               self.step += 1
               self.input_cpu, self.ground_truth_cpu = self.get_data_from_batch(batch, self.device)
               self._train_iteration(self.opt, self.compute_loss, tag="Train")

        :return:
        """
        pass


    def _mv_device(self, f):
        @wraps(f)
        def wrapper(*args, **kwargs):
            variables = f(*args, **kwargs)
            device = super(SupTrainer, self).__getattribute__("device")
            variables = tuple(v.to(device) if hasattr(v, "to") else v for v in variables)
            return variables

        return wrapper

[docs]    def get_data_from_batch(self, batch_data: list, device: torch.device):
        """ Split your data from one batch data to specify .
        If your dataset return something like

        ``return input_data, label``.

        It means that two values need unpack.
        So, you need to split the batch data into two parts, like this

        ``input, ground_truth = batch_data[0], batch_data[1]``

        .. Caution::

            Don't forget to move these data to device, by using ``input.to(device)`` .

        :param batch_data: One batch data from dataloader.
        :param device: the device that data will be located.
        :return: The certain variable with correct device location.


        Example::

          # load and unzip the data from one batch tuple (input, ground_truth)
          input, ground_truth = batch_data[0], batch_data[1]
          # move these data to device
          return input.to(device), ground_truth.to(device)


        """
        input_img, ground_truth = batch_data[0], batch_data[1]
        return input_img, ground_truth


    def _train_iteration(self, opt: Optimizer, compute_loss_fc: FunctionType, csv_filename: str = "Train"):
        opt.zero_grad()
        loss, var_dic = compute_loss_fc()
        loss.backward()
        opt.step()
        self.watcher.scalars(var_dict=var_dic, global_step=self.step, tag="Train")
        opt_name = list(self._opts.keys())[list(self._opts.values()).index(opt)]
        self.watcher.scalars(var_dict={"Learning rate": opt.lr}, global_step=self.step, tag=opt_name)
        self.loger.write(self.step, self.current_epoch, var_dic, csv_filename, header=self.step <= 1)

    def _record_configs(self, configs_names=None):
        """to register the ``Model`` , ``Optimizer`` , ``Trainer`` and ``Performance`` config info.

          The default is record the info of ``trainer`` and ``performance`` config.
          If you want to record more configures info, you can add more module to ``self.loger.regist_config`` .
          The following is an example.

          Example::

            # for opt.configure
            self.loger.regist_config(opt, self.current_epoch)
            # for model.configure
            self.loger.regist_config(model, self.current_epoch )
            # for self.performance.configure
            self.loger.regist_config(self.performance, self.current_epoch)
            # for trainer.configure
            self.loger.regist_config(self, self.current_epoch)

        :return:
        """
        if (configs_names is None) or "model" in configs_names:
            _models = super(SupTrainer, self).__getattribute__("_models")
            for name, model in _models.items():
                self.loger.regist_config(model, self.current_epoch, self.step, config_filename=name)
        if (configs_names is None) or "dataset" in configs_names:
            _datasets = super(SupTrainer, self).__getattribute__("_datasets")
            for name, dataset in _datasets.items():
                self.loger.regist_config(dataset, config_filename=name)
        if (configs_names is None) or "optimizer" in configs_names:
            _opts = super(SupTrainer, self).__getattribute__("_opts")
            for name, opt in _opts.items():
                self.loger.regist_config(opt, self.current_epoch, self.step, config_filename=name)
        if (configs_names is None) or "trainer" in configs_names or (configs_names is None):
            self.loger.regist_config(self, config_filename=self.__class__.__name__)
        if (configs_names is None) or "performance" in configs_names:
            self.loger.regist_config(self.performance, self.current_epoch, self.step, config_filename="performance")

[docs]    def plot_graphs_lazy(self):
        """Plot model graph on tensorboard.
        To plot all models graphs in trainer, by using variable name as model name.

        :return:
        """
        _models = super(SupTrainer, self).__getattribute__("_models")
        for name, model in _models.items():
            self.watcher.graph_lazy(model, name)


    def _check_point(self):
        _models = super(SupTrainer, self).__getattribute__("_models")
        current_epoch = super(SupTrainer, self).__getattribute__("current_epoch")
        logdir = super(SupTrainer, self).__getattribute__("logdir")
        for name, model in _models.items():
            model.is_checkpoint(name, current_epoch, logdir)

    def _change_lr(self, position_type="step", position=2):
        is_change = True
        _opts = super(SupTrainer, self).__getattribute__("_opts")
        for opt in _opts.values():
            if opt.position_type == position_type:
                reset_lr = opt.is_reset_lr(position)
                if reset_lr:
                    opt.do_lr_decay(reset_lr=reset_lr)
                elif opt.is_decay_lr(position):
                    opt.do_lr_decay()
                else:
                    is_change = False
        return is_change

    def valid_epoch(self):
        pass

    def test(self):
        pass

    @property
    def configure(self):
        config_dict = dict()
        config_dict["nepochs"] = int(self.nepochs)

        return config_dict



class Performance(object):
    """this is a performance watcher.

    """

    def __init__(self, gpu_ids_abs: Union[list, tuple] = ()):
        self.config_dic = dict()
        self.gpu_ids = gpu_ids_abs

    def mem_info(self):
        from psutil import virtual_memory
        mem = virtual_memory()
        self.config_dic['mem_total_GB'] = round(mem.total / 1024 ** 3, 2)
        self.config_dic['mem_used_GB'] = round(mem.used / 1024 ** 3, 2)
        self.config_dic['mem_percent'] = mem.percent
        # self.config_dic['mem_free_GB'] = round(mem.free // 1024 ** 3, 2)
        # self._set_dict_smooth("mem_total_M", mem.total // 1024 ** 2, smooth=0.3)
        # self._set_dict_smooth("mem_used_M", mem.used // 1024 ** 2, smooth=0.3)
        # self._set_dict_smooth("mem_free_M", mem.free // 1024 ** 2, smooth=0.3)
        # self._set_dict_smooth("mem_percent", mem.percent, smooth=0.3)

    def gpu_info(self):
        # pip install nvidia-ml-py3
        if len(self.gpu_ids) >= 0 and torch.cuda.is_available():
            try:
                import pynvml
                pynvml.nvmlInit()
                self.config_dic['gpu_driver_version'] = pynvml.nvmlSystemGetDriverVersion()
                for gpu_id in self.gpu_ids:
                    handle = pynvml.nvmlDeviceGetHandleByIndex(gpu_id)
                    gpu_id_name = "gpu%s" % gpu_id
                    mem_info = pynvml.nvmlDeviceGetMemoryInfo(handle)
                    gpu_utilize = pynvml.nvmlDeviceGetUtilizationRates(handle)
                    self.config_dic['%s_device_name' % gpu_id_name] = pynvml.nvmlDeviceGetName(handle)
                    self.config_dic['%s_mem_total' % gpu_id_name] = gpu_mem_total = round(mem_info.total / 1024 ** 3, 2)
                    self.config_dic['%s_mem_used' % gpu_id_name] = gpu_mem_used = round(mem_info.used / 1024 ** 3, 2)
                    # self.config_dic['%s_mem_free' % gpu_id_name] = gpu_mem_free = mem_info.free // 1024 ** 2
                    self.config_dic['%s_mem_percent' % gpu_id_name] = round((gpu_mem_used / gpu_mem_total) * 100, 1)
                    self._set_dict_smooth('%s_utilize_gpu' % gpu_id_name, gpu_utilize.gpu, 0.8)
                    # self.config_dic['%s_utilize_gpu' % gpu_id_name] = gpu_utilize.gpu
                    # self.config_dic['%s_utilize_memory' % gpu_id_name] = gpu_utilize.memory

                pynvml.nvmlShutdown()
            except Exception as e:
                print(e)

    def _set_dict_smooth(self, key: str, value, smooth: float = 0.3):
        now = value
        if key in self.config_dic:
            last = self.config_dic[key]
            self.config_dic[key] = now * (1 - smooth) + last * smooth
        else:
            self.config_dic[key] = now

    @property
    def configure(self):
        self.mem_info()
        self.gpu_info()
        self.gpu_info()
        return self.config_dic


class Loger(object):
    """this is a log recorder.

    """

    def __init__(self, logdir: str = "log"):
        self.logdir = logdir
        self.regist_dict = dict({})
        self._build_dir()

    def _build_dir(self):
        if not os.path.exists(self.logdir):
            print("%s directory is not found. Build now!" % dir)
            os.makedirs(self.logdir)

    def regist_config(self, opt_model_data: Union[SupTrainer, Optimizer, Model, DataLoadersFactory, Performance],
                      epoch=None,
                      step=None,
                      config_filename: str = None):
        """
        get obj's configure. flag is time point, usually use `epoch`.
        obj_name default is 'opt_model_data' class name.
        If you pass two same class boj, you should give each of them a unique `obj_name`
        :param opt_model_data: Optm, Model or  dataset
        :param epoch: time point such as `epoch`
        :param flag_name: name of flag `epoch`
        :param config_filename: default is 'opt_model_data' class name
        :return:
        """

        if config_filename is None:
            config_filename = opt_model_data.__class__.__name__
        obj_config_dic = opt_model_data.configure.copy()
        path = os.path.join(self.logdir, config_filename + ".csv")

        is_registed = config_filename in self.regist_dict.keys()
        if not is_registed:
            # 若没有注册过，注册该config
            self.regist_dict[config_filename] = obj_config_dic.copy()
            config_dic = dict()
            if step is not None:
                config_dic.update({"step": step})
            if epoch is not None:
                config_dic.update({"epoch": epoch})
            config_dic.update(obj_config_dic)
            # pdg = pd.DataFrame.from_dict(config_dic, orient="index").transpose()
            # pdg.to_csv(path, mode="w", encoding="utf-8", index=False, header=True)
            with open(path, "w", newline = "", encoding="utf-8") as csvfile:
                writer = csv.writer(csvfile)
                # 先写入columns_name
                writer.writerow(config_dic.keys())
                # 写入多行用writerows
                writer.writerow(config_dic.values())
        else:
            # 已经注册过config
            last_config = self.regist_dict[config_filename]
            if last_config != obj_config_dic:
                # 若已经注册过config，比对最后一次结果，如果不同，则写入，相同无操作。
                self.regist_dict[config_filename] = obj_config_dic.copy()
                config_dic = dict()
                if step is not None:
                    config_dic.update({"step": step})
                if epoch is not None:
                    config_dic.update({"epoch": epoch})
                config_dic.update(obj_config_dic)
                # pdg = pd.DataFrame.from_dict(config_dic, orient="index").transpose()
                # pdg.to_csv(path, mode="a", encoding="utf-8", index=False, header=False)
                with open(path, "a",newline = "",  encoding="utf-8") as csvfile:
                    writer = csv.writer(csvfile)
                    # 先写入columns_name
                    # writer.writerow(config_dic.keys())
                    # 写入多行用writerows
                    writer.writerow(config_dic.values())

    def write(self, step: int, current_epoch: int, msg_dic: dict, filename: str, header=True):
        if msg_dic is None:
            return
        else:
            for key, value in msg_dic.items():
                if hasattr(value, "item"):
                    msg_dic[key] = value.detach().cpu().item()
        path = os.path.join(self.logdir, filename + ".csv")
        dic = dict({"step": step, "current_epoch": current_epoch})
        dic.update(msg_dic)
        # pdg = pd.DataFrame.from_dict(dic, orient="index").transpose()
        # pdg.to_csv(path, mode="a", encoding="utf-8", index=False, header=header)
        with open(path, "a", newline = "", encoding="utf-8") as csvfile:
            writer = csv.writer(csvfile)
            if header:
                writer.writerow(dic.keys())
            writer.writerow(dic.values())

    def clear_regist(self):
        self.regist_dict = dict({})


class Watcher(object):
    """this is a params and images watcher

    """

    def __init__(self, logdir: str):
        self.logdir = logdir
        self.writer = SummaryWriter(logdir)
        self._build_dir(logdir)
        self.training_progress_images = []
        self.gif_duration = 0.5
        self.handel = None

    def model_params(self, model: torch.nn.Module, global_step: int):
        for name, param in model.named_parameters():
            if "bias" in name:
                continue
            self.writer.add_histogram(name, param.clone().cpu().data.numpy(), global_step)

    def scalars(self, var_dict: dict, global_step: int, tag="Train"):
        for key, scalar in var_dict.items():
            self.writer.add_scalars(key, {tag: scalar}, global_step)

    @staticmethod
    def _sample(tensor: torch.Tensor, num_samples: int, shuffle=True):
        total = len(tensor)
        if num_samples > total:
            raise ValueError("sample(%d) greater than the total amount(%d)!" % (num_samples, len(tensor)))
        if shuffle:
            rand_index = random.sample(list(range(total)), num_samples)
            sampled_tensor: torch.Tensor = tensor[rand_index]
        else:
            sampled_tensor: torch.Tensor = tensor[:num_samples]
        return sampled_tensor

    def image(self, img_tensors: torch.Tensor, global_step: int, tag: str = "Train/input",
              grid_size: Union[list, tuple] = (3, 1), shuffle=True, save_file=False):

        if len(img_tensors.size()) != 4:
            raise TypeError("img_tensors rank should be 4, got %d instead" % len(img_tensors.size()))
        self._build_dir(os.path.join(self.logdir, "plots", tag))
        rows, columns = grid_size[0], grid_size[1]
        batch_size = len(img_tensors)  # img_tensors =>(batchsize, 3, 256, 256)
        num_samples: int = min(batch_size, rows * columns)
        sampled_tensor = self._sample(img_tensors, num_samples, shuffle).detach().cpu()
        # (sample_num, 3, 32,32)  tensors
        # sampled_images = map(transforms.Normalize(mean, std), sampled_tensor)  # (sample_num, 3, 32,32) images
        sampled_images: torch.Tensor = make_grid(sampled_tensor, nrow=rows, normalize=True, scale_each=True)
        self.writer.add_image(tag, sampled_images, global_step)

        if save_file:
            img = transforms.ToPILImage()(sampled_images)
            filename = "%s/plots/%s/E%03d.png" % (self.logdir, tag, global_step)
            img.save(filename)

    def embedding(self, data: torch.Tensor, label_img: torch.Tensor = None, label=None, global_step: int = None,
                  tag: str = "embedding"):
        """ Show PCA, t-SNE of `mat` on tensorboard

        :param data: An img tensor with shape  of (N, C, H, W)
        :param label_img: Label img on each data point.
        :param label: Label of each img. It will convert to str.
        :param global_step: Img step label.
        :param tag: Tag of this plot.
        """
        features = data.view(len(data), -1)
        self.writer.add_embedding(features, metadata=label, label_img=label_img, global_step=global_step, tag=tag)

    def set_training_progress_images(self, img_tensors: torch.Tensor, grid_size: Union[list, tuple] = (3, 1)):
        if len(img_tensors.size()) != 4:
            raise ValueError("img_tensors rank should be 4, got %d instead" % len(img_tensors.size()))
        rows, columns = grid_size[0], grid_size[1]
        batch_size = len(img_tensors)  # img_tensors =>(batchsize, 3, 256, 256)
        num_samples = min(batch_size, rows * columns)
        sampled_tensor = self._sample(img_tensors, num_samples, False).detach().cpu()  # (sample_num, 3, 32,32)  tensors
        sampled_images = make_grid(sampled_tensor, nrow=rows, normalize=True, scale_each=True)
        img_grid = np.transpose(sampled_images.numpy(), (1, 2, 0))
        self.training_progress_images.append(img_grid)

    def save_in_gif(self):
        import imageio
        import warnings
        filename = "%s/plots/training.gif" % self.logdir
        with warnings.catch_warnings():
            warnings.simplefilter("ignore")
            imageio.mimsave(filename, self.training_progress_images, duration=self.gif_duration)
        self.training_progress_images = None

    def graph(self, model: Union[torch.nn.Module, torch.nn.DataParallel, Model], name: str, use_gpu: bool,
              *input_shape):
        if isinstance(model, torch.nn.Module):
            proto_model: torch.nn.Module = model
            num_params: int = self._count_params(proto_model)
        elif isinstance(model, torch.nn.DataParallel):
            proto_model: torch.nn.Module = model.module
            num_params: int = self._count_params(proto_model)
        elif isinstance(model, Model):
            proto_model: torch.nn.Module = model.model
            num_params: int = model.num_params
        else:
            raise TypeError("Only `nn.Module`, `nn.DataParallel` and `Model` can be passed!")
        model_logdir = os.path.join(self.logdir, name)
        self._build_dir(model_logdir)
        writer_for_model = SummaryWriter(log_dir=model_logdir)

        input_list = tuple(torch.ones(shape).cuda() if use_gpu else torch.ones(shape) for shape in input_shape)
        self.scalars({'ParamsNum': num_params}, 0, tag="ParamsNum")
        self.scalars({'ParamsNum': num_params}, 1, tag="ParamsNum")
        proto_model(*input_list)
        writer_for_model.add_graph(proto_model, input_list)
        writer_for_model.close()

    def graph_lazy(self, model: Union[torch.nn.Module, torch.nn.DataParallel, Model], name: str):
        if isinstance(model, torch.nn.Module):
            proto_model: torch.nn.Module = model
            num_params: int = self._count_params(proto_model)
        elif isinstance(model, torch.nn.DataParallel):
            proto_model: torch.nn.Module = model.module
            num_params: int = self._count_params(proto_model)
        elif isinstance(model, Model):
            proto_model: torch.nn.Module = model.model
            num_params: int = model.num_params
        else:
            raise TypeError("Only `nn.Module`, `nn.DataParallel` and `Model` can be passed!, got %s instead" % model)
        model_logdir = os.path.join(self.logdir, name)
        self._build_dir(model_logdir)
        self.scalars({'ParamsNum': num_params}, 0, tag=name)
        self.scalars({'ParamsNum': num_params}, 1, tag=name)

        def hook(model, layer_input, layer_output):
            writer_for_model = SummaryWriter(log_dir=model_logdir)
            input_for_test = tuple(i[0].detach().clone().unsqueeze(0) for i in layer_input)
            handel.remove()
            if isinstance(proto_model, torch.nn.DataParallel):
                writer_for_model.add_graph(proto_model.module, input_for_test)
            else:
                writer_for_model.add_graph(proto_model, input_for_test)
            writer_for_model.close()
            del writer_for_model

        handel = model.register_forward_hook(hook=hook)

    def close(self):
        # self.writer.export_scalars_to_json("%s/scalers.json" % self.logdir)
        if self.training_progress_images:
            self.save_in_gif()
        self.writer.close()

    @staticmethod
    def _count_params(proto_model: torch.nn.Module):
        """count the total parameters of model.

        :param proto_model: pytorch module
        :return: number of parameters
        """
        num_params = 0
        for param in proto_model.parameters():
            num_params += param.numel()
        return num_params

    @staticmethod
    def _build_dir(dirs: str):
        if not os.path.exists(dirs):
            os.makedirs(dirs)


if __name__ == '__main__':
    import torch.nn as nn

    test_log = Loger('log')
    test_model = nn.Linear(10, 1)
    test_opt = Optimizer(test_model.parameters(), "Adam", lr_decay=2, decay_position=[1, 3])
    test_log.regist_config(test_opt, epoch=1)
    test_opt.do_lr_decay()
    test_log.regist_config(test_opt, epoch=2)
    test_log.regist_config(test_opt, epoch=3)
    test_log.regist_config(test_opt)




          

      

      

    

  

    
      
          
            
  Source code for jdit.trainer.gan.generate

from .sup_gan import SupGanTrainer
from abc import abstractmethod
from torch.autograd import Variable
import torch


[docs]class GenerateGanTrainer(SupGanTrainer):
    d_turn = 1
    """The training times of Discriminator every ones Generator training.
    """

    def __init__(self, logdir, nepochs, gpu_ids_abs, netG, netD, optG, optD, datasets, latent_shape):
        """ a gan super class

        :param logdir:Path of log
        :param nepochs:Amount of epochs.
        :param gpu_ids_abs: he id of gpus which t obe used. If use CPU, set ``[]``.
        :param netG:Generator model.
        :param netD:Discrimiator model
        :param optG:Optimizer of Generator.
        :param optD:Optimizer of Discrimiator.
        :param datasets:Datasets.
        :param latent_shape:The shape of input noise.
        """
        super(GenerateGanTrainer, self).__init__(logdir, nepochs, gpu_ids_abs, netG, netD, optG, optD, datasets)
        self.latent_shape = latent_shape
        self.fixed_input = torch.randn((self.datasets.batch_size, *self.latent_shape)).to(self.device)
        # self.metric = FID(self.gpu_ids)

[docs]    def get_data_from_batch(self, batch_data: list, device: torch.device):
        ground_truth_tensor = batch_data[0]
        input_tensor = Variable(torch.randn((len(ground_truth_tensor), *self.latent_shape)))
        return input_tensor, ground_truth_tensor


[docs]    def valid_epoch(self):
        super(GenerateGanTrainer, self).valid_epoch()
        self.netG.eval()
        # watching the variation during training by a fixed input
        with torch.no_grad():
            fake = self.netG(self.fixed_input).detach()
        self.watcher.image(fake, self.current_epoch, tag="Valid/Fixed_fake", grid_size=(4, 4), shuffle=False)
        # saving training processes to build a .gif.
        self.watcher.set_training_progress_images(fake, grid_size=(4, 4))
        self.netG.train()


[docs]    @abstractmethod
    def compute_d_loss(self):
        """ Rewrite this method to compute your own loss Discriminator.

        You should return a **loss** for the first position.
        You can return a ``dict`` of loss that you want to visualize on the second position.like
        The train logic is :
            self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
            self.fake = self.netG(self.input)
            self._train_iteration(self.optD, self.compute_d_loss, csv_filename="Train_D")
            if (self.step % self.d_turn) == 0:
                self._train_iteration(self.optG, self.compute_g_loss, csv_filename="Train_G")
        So, you use `self.input` , `self.ground_truth`, `self.fake`, `self.netG`, `self.optD` to compute loss.
        Example::

            d_fake = self.netD(self.fake.detach())
            d_real = self.netD(self.ground_truth)
            var_dic = {}
            var_dic["LS_LOSSD"] = loss_d = 0.5 * (torch.mean((d_real - 1) ** 2) + torch.mean(d_fake ** 2))
            return loss_d, var_dic

        """
        loss_d = None
        var_dic = {}

        return loss_d, var_dic


[docs]    @abstractmethod
    def compute_g_loss(self):
        """Rewrite this method to compute your own loss of Generator.

        You should return a **loss** for the first position.
        You can return a ``dict`` of loss that you want to visualize on the second position.like
        The train logic is :
            self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
            self.fake = self.netG(self.input)
            self._train_iteration(self.optD, self.compute_d_loss, csv_filename="Train_D")
            if (self.step % self.d_turn) == 0:
                self._train_iteration(self.optG, self.compute_g_loss, csv_filename="Train_G")
        So, you use `self.input` , `self.ground_truth`, `self.fake`, `self.netG`, `self.optD` to compute loss.
        Example::

            d_fake = self.netD(self.fake, self.input)
            var_dic = {}
            var_dic["LS_LOSSG"] = loss_g = 0.5 * torch.mean((d_fake - 1) ** 2)
            return loss_g, var_dic

        """
        loss_g = None
        var_dic = {}
        return loss_g, var_dic


[docs]    @abstractmethod
    def compute_valid(self):
        """
            The train logic is :
            self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
            self.fake = self.netG(self.input)
            self._train_iteration(self.optD, self.compute_d_loss, csv_filename="Train_D")
            if (self.step % self.d_turn) == 0:
                self._train_iteration(self.optG, self.compute_g_loss, csv_filename="Train_G")
        So, you use `self.input` , `self.ground_truth`, `self.fake`, `self.netG`, `self.optD` to compute validations.

        :return:
        """
        _, d_var_dic = self.compute_g_loss()
        _, g_var_dic = self.compute_d_loss()
        var_dic = dict(d_var_dic, **g_var_dic)
        return var_dic


    def test(self):
        self.input = Variable(torch.randn((self.datasets.batch_size, *self.latent_shape))).to(self.device)
        self.netG.eval()
        with torch.no_grad():
            fake = self.netG(self.input).detach()
        self.watcher.image(fake, self.current_epoch, tag="Test/fake", grid_size=(4, 4), shuffle=False)
        self.netG.train()

    @property
    def configure(self):
        config_dic = super(GenerateGanTrainer, self).configure
        config_dic["latent_shape"] = str(self.latent_shape)
        return config_dic





          

      

      

    

  

    
      
          
            
  Source code for jdit.trainer.gan.pix2pix

from .sup_gan import SupGanTrainer
from abc import abstractmethod
import torch


[docs]class Pix2pixGanTrainer(SupGanTrainer):
    d_turn = 1

    def __init__(self, logdir, nepochs, gpu_ids_abs, netG, netD, optG, optD, datasets):
        """ A pixel to pixel gan trainer

        :param logdir:Path of log
        :param nepochs:Amount of epochs.
        :param gpu_ids_abs: he id of gpus which t obe used. If use CPU, set ``[]``.
        :param netG:Generator model.
        :param netD:Discrimiator model
        :param optG:Optimizer of Generator.
        :param optD:Optimizer of Discrimiator.
        :param datasets:Datasets.
        """
        super(Pix2pixGanTrainer, self).__init__(logdir, nepochs, gpu_ids_abs, netG, netD, optG, optD, datasets)

[docs]    def get_data_from_batch(self, batch_data: list, device: torch.device):
        input_tensor, ground_truth_tensor = batch_data[0], batch_data[1]
        return input_tensor, ground_truth_tensor


    def _watch_images(self, tag, grid_size=(3, 3), shuffle=False, save_file=True):
        self.watcher.image(self.input,
                           self.current_epoch,
                           tag="%s/input" % tag,
                           grid_size=grid_size,
                           shuffle=shuffle,
                           save_file=save_file)
        self.watcher.image(self.fake,
                           self.current_epoch,
                           tag="%s/fake" % tag,
                           grid_size=grid_size,
                           shuffle=shuffle,
                           save_file=save_file)
        self.watcher.image(self.ground_truth,
                           self.current_epoch,
                           tag="%s/real" % tag,
                           grid_size=grid_size,
                           shuffle=shuffle,
                           save_file=save_file)

[docs]    @abstractmethod
    def compute_d_loss(self):
        """ Rewrite this method to compute your own loss Discriminator.

        You should return a **loss** for the first position.
        You can return a ``dict`` of loss that you want to visualize on the second position.like
        The training logic is :
            self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
            self.fake = self.netG(self.input)
            self._train_iteration(self.optD, self.compute_d_loss, csv_filename="Train_D")
            if (self.step % self.d_turn) == 0:
                self._train_iteration(self.optG, self.compute_g_loss, csv_filename="Train_G")
        So, you use `self.input` , `self.ground_truth`, `self.fake`, `self.netG`, `self.optD` to compute loss.
        Example::

            d_fake = self.netD(self.fake.detach())
            d_real = self.netD(self.ground_truth)
            var_dic = {}
            var_dic["LS_LOSSD"] = loss_d = 0.5 * (torch.mean((d_real - 1) ** 2) + torch.mean(d_fake ** 2))
            return loss_d, var_dic

        """
        loss_d = None
        var_dic = {}

        return loss_d, var_dic


[docs]    @abstractmethod
    def compute_g_loss(self):
        """Rewrite this method to compute your own loss of Generator.

        You should return a **loss** for the first position.
        You can return a ``dict`` of loss that you want to visualize on the second position.like
        The training logic is :
            self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
            self.fake = self.netG(self.input)
            self._train_iteration(self.optD, self.compute_d_loss, csv_filename="Train_D")
            if (self.step % self.d_turn) == 0:
                self._train_iteration(self.optG, self.compute_g_loss, csv_filename="Train_G")
        So, you use `self.input` , `self.ground_truth`, `self.fake`, `self.netG`, `self.optD` to compute loss.
        Example::

            d_fake = self.netD(self.fake, self.input)
            var_dic = {}
            var_dic["LS_LOSSG"] = loss_g = 0.5 * torch.mean((d_fake - 1) ** 2)
            return loss_g, var_dic

        """
        loss_g = None
        var_dic = {}
        return loss_g, var_dic


[docs]    @abstractmethod
    def compute_valid(self):
        """Rewrite this method to compute valid_epoch values.

        You can return a ``dict`` of values that you want to visualize.

        .. note::

            This method is under ``torch.no_grad():``. So, it will never compute grad.
            If you want to compute grad, please use ``torch.enable_grad():`` to wrap your operations.

        Example::

            d_fake = self.netD(self.fake.detach())
            d_real = self.netD(self.ground_truth)
            var_dic = {}
            var_dic["WD"] = w_distance = (d_real.mean() - d_fake.mean()).detach()
            return var_dic

        """
        _, d_var_dic = self.compute_g_loss()
        _, g_var_dic = self.compute_d_loss()
        var_dic = dict(d_var_dic, **g_var_dic)
        return var_dic


[docs]    def valid_epoch(self):
        super(Pix2pixGanTrainer, self).valid_epoch()
        self.netG.eval()
        self.netD.eval()
        if self.fixed_input is None:
            for batch in self.datasets.loader_test:
                if isinstance(batch, (list, tuple)):
                    self.fixed_input, fixed_ground_truth = self.get_data_from_batch(batch, self.device)
                    self.watcher.image(fixed_ground_truth, self.current_epoch, tag="Fixed/groundtruth",
                                       grid_size=(6, 6),
                                       shuffle=False)
                else:
                    self.fixed_input = batch.to(self.device)
                self.watcher.image(self.fixed_input, self.current_epoch, tag="Fixed/input",
                                   grid_size=(6, 6),
                                   shuffle=False)
                break

        # watching the variation during training by a fixed input
        with torch.no_grad():
            fake = self.netG(self.fixed_input).detach()
        self.watcher.image(fake, self.current_epoch, tag="Fixed/fake", grid_size=(6, 6), shuffle=False)

        # saving training processes to build a .gif.
        self.watcher.set_training_progress_images(fake, grid_size=(6, 6))

        self.netG.train()
        self.netD.train()


[docs]    def test(self):
        """ Test your model when you finish all epochs.

        This method will call when all epochs finish.

        Example::

            for index, batch in enumerate(self.datasets.loader_test, 1):
                # For test only have input without groundtruth
                input = batch.to(self.device)
                self.netG.eval()
                with torch.no_grad():
                    fake = self.netG(input)
                self.watcher.image(fake, self.current_epoch, tag="Test/fake", grid_size=(4, 4), shuffle=False)
            self.netG.train()
        """
        for batch in self.datasets.loader_test:
            self.input, _ = self.get_data_from_batch(batch, self.device)
            self.netG.eval()
            with torch.no_grad():
                fake = self.netG(self.input).detach()
            self.watcher.image(fake, self.current_epoch, tag="Test/fake", grid_size=(7, 7), shuffle=False)
        self.netG.train()






          

      

      

    

  

    
      
          
            
  Source code for jdit.trainer.gan.sup_gan

from ..super import SupTrainer
from tqdm import tqdm
import torch
from jdit.optimizer import Optimizer
from jdit.model import Model
from jdit.dataset import DataLoadersFactory


[docs]class SupGanTrainer(SupTrainer):
    d_turn = 1
    """The training times of Discriminator every ones Generator training.
    """

    def __init__(self, logdir, nepochs, gpu_ids_abs, netG: Model, netD: Model, optG: Optimizer, optD: Optimizer,
                 datasets: DataLoadersFactory):

        super(SupGanTrainer, self).__init__(nepochs, logdir, gpu_ids_abs=gpu_ids_abs)
        self.netG = netG
        self.netD = netD
        self.optG = optG
        self.optD = optD
        self.datasets = datasets
        self.fake = None
        self.fixed_input = None

[docs]    def train_epoch(self, subbar_disable=False):
        for iteration, batch in tqdm(enumerate(self.datasets.loader_train, 1), unit="step", disable=subbar_disable):
            self.step += 1
            self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
            self.fake = self.netG(self.input)
            self._train_iteration(self.optD, self.compute_d_loss, csv_filename="Train_D")
            if (self.step % self.d_turn) == 0:
                self._train_iteration(self.optG, self.compute_g_loss, csv_filename="Train_G")
            if iteration == 1:
                self._watch_images("Train")


[docs]    def get_data_from_batch(self, batch_data: list, device: torch.device):
        """ Load and wrap data from the data lodaer.

            Split your one batch data to specify variable.

            Example::

                # batch_data like this [input_Data, ground_truth_Data]
                input_cpu, ground_truth_cpu = batch_data[0], batch_data[1]
                # then move them to device and return them
                return input_cpu.to(self.device), ground_truth_cpu.to(self.device)

        :param batch_data: one batch data load from ``DataLoader``
        :param device: A device variable. ``torch.device``
        :return: input Tensor, ground_truth Tensor
        """
        input_tensor, ground_truth_tensor = batch_data[0], batch_data[1]
        return input_tensor, ground_truth_tensor


    def _watch_images(self, tag: str, grid_size: tuple = (3, 3), shuffle=False, save_file=True):
        """ Show images in tensorboard

        To show images in tensorboad. If want to show fixed input and it's output,
        please use ``shuffle=False`` to fix the visualized data.
        Otherwise, it will sample and visualize the data randomly.

        Example::

            # show fake data
            self.watcher.image(self.fake,
                           self.current_epoch,
                           tag="%s/fake" % tag,
                           grid_size=grid_size,
                           shuffle=shuffle,
                           save_file=save_file)

            # show ground_truth
            self.watcher.image(self.ground_truth,
                           self.current_epoch,
                           tag="%s/real" % tag,
                           grid_size=grid_size,
                           shuffle=shuffle,
                           save_file=save_file)

            # show input
            self.watcher.image(self.input,
                           self.current_epoch,
                           tag="%s/input" % tag,
                           grid_size=grid_size,
                           shuffle=shuffle,
                           save_file=save_file)


        :param tag: tensorboard tag
        :param grid_size: A tuple for grad size which data you want to visualize
        :param shuffle: If shuffle the data.
        :param save_file: If save this images.
        :return:
        """
        self.watcher.image(self.fake,
                           self.current_epoch,
                           tag="%s/fake" % tag,
                           grid_size=grid_size,
                           shuffle=shuffle,
                           save_file=save_file)
        self.watcher.image(self.ground_truth,
                           self.current_epoch,
                           tag="%s/real" % tag,
                           grid_size=grid_size,
                           shuffle=shuffle,
                           save_file=save_file)

[docs]    def compute_d_loss(self) -> (torch.Tensor, dict):
        """ Rewrite this method to compute your own loss Discriminator.

        You should return a **loss** for the first position.
        You can return a ``dict`` of loss that you want to visualize on the second position.like

        Example::

            d_fake = self.netD(self.fake.detach())
            d_real = self.netD(self.ground_truth)
            var_dic = {}
            var_dic["GP"] = gp = gradPenalty(self.netD, self.ground_truth, self.fake, input=self.input,
                                             use_gpu=self.use_gpu)
            var_dic["WD"] = w_distance = (d_real.mean() - d_fake.mean()).detach()
            var_dic["LOSS_D"] = loss_d = d_fake.mean() - d_real.mean() + gp + sgp
            return: loss_d, var_dic

        """
        loss_d: torch.Tensor
        var_dic = {}

        return loss_d, var_dic


[docs]    def compute_g_loss(self) -> (torch.Tensor, dict):
        """Rewrite this method to compute your own loss of Generator.

        You should return a **loss** for the first position.
        You can return a ``dict`` of loss that you want to visualize on the second position.like

        Example::

            d_fake = self.netD(self.fake)
            var_dic = {}
            var_dic["JC"] = jc = jcbClamp(self.netG, self.input, use_gpu=self.use_gpu)
            var_dic["LOSS_D"] = loss_g = -d_fake.mean() + jc
            return: loss_g, var_dic

        """
        loss_g: torch.Tensor
        var_dic = {}
        return loss_g, var_dic


[docs]    def compute_valid(self) -> dict:
        """ Rewrite this method to compute your validation values.

        You can return a ``dict`` of validation values that you want to visualize.

        Example::

            # It will do the same thing as ``compute_g_loss()`` and ``self.compute_d_loss()``
            g_loss, _ = self.compute_g_loss()
            d_loss, _ = self.compute_d_loss()
            var_dic = {"LOSS_D": d_loss, "LOSS_G": g_loss}
            return var_dic

        """
        g_loss, _ = self.compute_g_loss()
        d_loss, _ = self.compute_d_loss()
        var_dic = {"LOSS_D": d_loss, "LOSS_G": g_loss}
        return var_dic


[docs]    def valid_epoch(self):
        """Validate model each epoch.

        It will be called each epoch, when training finish.
        So, do same verification here.

        Example::

            avg_dic: dict = {}
            self.netG.eval()
            self.netD.eval()
            # Load data from loader_valid.
            for iteration, batch in enumerate(self.datasets.loader_valid, 1):
                self.input, self.ground_truth = self.get_data_from_batch(batch)
                with torch.no_grad():
                    self.fake = self.netG(self.input)
                    # You can write this function to apply your computation.
                    dic: dict = self.compute_valid()
                if avg_dic == {}:
                    avg_dic: dict = dic
                else:
                    for key in dic.keys():
                        avg_dic[key] += dic[key]

            for key in avg_dic.keys():
                avg_dic[key] = avg_dic[key] / self.datasets.nsteps_valid

            self.watcher.scalars(avg_dic, self.step, tag="Valid")
            self._watch_images(tag="Valid")
            self.netG.train()
            self.netD.train()

        """
        avg_dic: dict = {}
        self.netG.eval()
        self.netD.eval()
        for iteration, batch in enumerate(self.datasets.loader_valid, 1):
            self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
            with torch.no_grad():
                self.fake = self.netG(self.input)
                dic: dict = self.compute_valid()
            if avg_dic == {}:
                avg_dic: dict = dic
            else:
                # 求和
                for key in dic.keys():
                    avg_dic[key] += dic[key]

        for key in avg_dic.keys():
            avg_dic[key] = avg_dic[key] / self.datasets.nsteps_valid

        self.watcher.scalars(avg_dic, self.step, tag="Valid")
        self.loger.write(self.step, self.current_epoch, avg_dic, "Valid", header=self.current_epoch <= 1)
        self._watch_images(tag="Valid")
        self.netG.train()
        self.netD.train()


    def test(self):
        pass

    @property
    def configure(self):
        config_dic = super(SupGanTrainer, self).configure
        config_dic["d_turn"] = str(self.d_turn)
        return config_dic





          

      

      

    

  

    
      
          
            
  Source code for jdit.trainer.instances.fashionClassification

# coding=utf-8
import torch
import torch.nn as nn
import torch.nn.functional as F
from jdit.trainer.single.classification import ClassificationTrainer
from jdit import Model
from jdit.optimizer import Optimizer
from jdit.dataset import FashionMNIST


class SimpleModel(nn.Module):
    def __init__(self, depth=64, num_class=10):
        super(SimpleModel, self).__init__()
        self.num_class = num_class
        self.layer1 = nn.Conv2d(1, depth, 3, 1, 1)
        self.layer2 = nn.Conv2d(depth, depth * 2, 4, 2, 1)
        self.layer3 = nn.Conv2d(depth * 2, depth * 4, 4, 2, 1)
        self.layer4 = nn.Conv2d(depth * 4, depth * 8, 4, 2, 1)
        self.layer5 = nn.Conv2d(depth * 8, num_class, 4, 1, 0)

    def forward(self, x):
        out = F.relu(self.layer1(x))
        out = F.relu(self.layer2(out))
        out = F.relu(self.layer3(out))
        out = F.relu(self.layer4(out))
        out = self.layer5(out)
        out = out.view(-1, self.num_class)
        return out


class FashionClassTrainer(ClassificationTrainer):
    def __init__(self, logdir, nepochs, gpu_ids, net, opt, datasets, num_class):
        super(FashionClassTrainer, self).__init__(logdir, nepochs, gpu_ids, net, opt, datasets, num_class)
        data, label = self.datasets.samples_train
        self.watcher.embedding(data, data, label, 1)

    def compute_loss(self):
        var_dic = {}
        labels = self.ground_truth.squeeze().long()
        var_dic["CEP"] = loss = nn.CrossEntropyLoss()(self.output, labels)
        return loss, var_dic

    def compute_valid(self):
        _, var_dic = self.compute_loss()
        labels = self.ground_truth.squeeze().long()
        _, predict = torch.max(self.output.detach(), 1)  # 0100=>1  0010=>2
        total = predict.size(0)
        correct = predict.eq(labels).cpu().sum().float()
        acc = correct / total
        var_dic["ACC"] = acc
        return var_dic


[docs]def start_fashionClassTrainer(gpus=(), nepochs=10, run_type="train"):
    """" An example of fashion-mnist classification

    """
    num_class = 10
    depth = 32
    gpus = gpus
    batch_size = 4
    nepochs = nepochs
    opt_hpm = {"optimizer": "Adam",
               "lr_decay": 0.94,
               "decay_position": 10,
               "position_type": "epoch",
               "lr_reset": {2: 5e-4, 3: 1e-3},
               "lr": 1e-4,
               "weight_decay": 2e-5,
               "betas": (0.9, 0.99)}

    print('===> Build dataset')
    mnist = FashionMNIST(batch_size=batch_size)
    # mnist.dataset_train = mnist.dataset_test
    torch.backends.cudnn.benchmark = True
    print('===> Building model')
    net = Model(SimpleModel(depth=depth), gpu_ids_abs=gpus, init_method="kaiming", check_point_pos=1)
    print('===> Building optimizer')
    opt = Optimizer(net.parameters(), **opt_hpm)
    print('===> Training')
    print("using `tensorboard --logdir=log` to see learning curves and net structure."
          "training and valid_epoch data, configures info and checkpoint were save in `log` directory.")
    Trainer = FashionClassTrainer("log/fashion_classify", nepochs, gpus, net, opt, mnist, num_class)
    if run_type == "train":
        Trainer.train()
    elif run_type == "debug":
        Trainer.debug()




if __name__ == '__main__':
    start_fashionClassTrainer()




          

      

      

    

  

    
      
          
            
  Source code for jdit.trainer.single.autoencoder

from .sup_single import *
from abc import abstractmethod


[docs]class AutoEncoderTrainer(SupSingleModelTrainer):
    """this is a autoencoder-decoder trainer. Image to Image

    """

    def __init__(self, logdir, nepochs, gpu_ids, net, opt, datasets):
        super(AutoEncoderTrainer, self).__init__(logdir, nepochs, gpu_ids, net, opt, datasets)
        self.net = net
        self.opt = opt
        self.datasets = datasets

[docs]    @abstractmethod
    def compute_loss(self):
        """Compute the main loss and observed values.

        Compute the loss and other values shown in tensorboard scalars visualization.
        You should return a main loss for doing backward propagation.

        So, if you want some values visualized. Make a ``dict()`` with key name is the variable's name.
        The training logic is :
            self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
            self.output = self.net(self.input)
            self._train_iteration(self.opt, self.compute_loss, csv_filename="Train")
        So, you have `self.net`, `self.input`, `self.output`, `self.ground_truth` to compute your own loss here.

        .. note::

          Only the main loss will do backward propagation, which is the first returned variable.
          If you have the joint loss, please add them up and return one main loss.

        .. note::

          All of your variables in returned ``dict()`` will never do backward propagation with ``model.train()``.
          However, It still compute grads, without using ``with torch.autograd.no_grad()``.
          So, you can compute any grads variables for visualization.

        Example::

          var_dic = {}
          var_dic["CEP"] = loss = nn.MSELoss(reduction="mean")(self.output, self.ground_truth)
          return loss, var_dic

        """


[docs]    @abstractmethod
    def compute_valid(self):
        """Compute the valid_epoch variables for visualization.

        Compute the caring variables.
        For the caring variables will only be used in tensorboard scalars visualization.
        So, if you want some variables visualized. Make a ``dict()`` with key name is the variable's name.

        .. note::

          All of your variables in returned ``dict()`` will never do backward propagation with ``model.eval()``.
          However, It still compute grads, without using ``with torch.autograd.no_grad()``.
          So, you can compute some grads variables for visualization.

        Example::
          var_dic = {}
          var_dic["CEP"] = loss = nn.MSELoss(reduction="mean")(self.output, self.ground_truth)
          return var_dic

        """


[docs]    def valid_epoch(self):
        avg_dic = dict()
        self.net.eval()
        for iteration, batch in enumerate(self.datasets.loader_valid, 1):
            self.input, self.labels = self.get_data_from_batch(batch, self.device)
            self.output = self.net(self.input).detach()
            dic = self.compute_valid()
            if avg_dic == {}:
                avg_dic = dic
            else:
                for key in dic.keys():
                    avg_dic[key] += dic[key]

        for key in avg_dic.keys():
            avg_dic[key] = avg_dic[key] / self.datasets.nsteps_valid

        self.watcher.scalars(var_dict=avg_dic, global_step=self.step, tag="Valid")
        self.loger.write(self.step, self.current_epoch, avg_dic, "Valid", header=self.current_epoch <= 1)
        self.net.train()


[docs]    def get_data_from_batch(self, batch_data, device):
        """If you have different behavior. You need to rewrite thisd method and the method `sllf.train_epoch()`

        :param batch_data: A Tensor loads from dataset
        :param device: compute device
        :return: Tensors,
        """
        input_tensor, ground_gruth_tensor = batch_data[0], batch_data[1]
        return input_tensor, ground_gruth_tensor


    def _watch_images(self, tag: str, grid_size: tuple = (3, 3), shuffle=False, save_file=True):
        self.watcher.image(self.input,
                           self.current_epoch,
                           tag="%s/input" % tag,
                           grid_size=grid_size,
                           shuffle=shuffle,
                           save_file=save_file)
        self.watcher.image(self.output,
                           self.current_epoch,
                           tag="%s/output" % tag,
                           grid_size=grid_size,
                           shuffle=shuffle,
                           save_file=save_file)
        self.watcher.image(self.ground_truth,
                           self.current_epoch,
                           tag="%s/ground_truth" % tag,
                           grid_size=grid_size,
                           shuffle=shuffle,
                           save_file=save_file)





          

      

      

    

  

    
      
          
            
  Source code for jdit.trainer.single.classification

# from torch.nn import CrossEntropyLoss
from .sup_single import *
from abc import abstractmethod



[docs]class ClassificationTrainer(SupSingleModelTrainer):
    """this is a classification trainer.

    """

    def __init__(self, logdir, nepochs, gpu_ids, net, opt, datasets, num_class):
        super(ClassificationTrainer, self).__init__(logdir, nepochs, gpu_ids, net, opt, datasets)
        self.net = net
        self.opt = opt
        self.datasets = datasets
        self.num_class = num_class


[docs]    @abstractmethod
    def compute_loss(self):
        """Compute the main loss and observed values.

        Compute the loss and other values shown in tensorboard scalars visualization.
        You should return a main loss for doing backward propagation.

        So, if you want some values visualized. Make a ``dict()`` with key name is the variable's name.
        The training logic is :
            self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
            self.output = self.net(self.input)
            self._train_iteration(self.opt, self.compute_loss, csv_filename="Train")
        So, you have `self.net`, `self.input`, `self.output`, `self.ground_truth` to compute your own loss here.

        .. note::

          Only the main loss will do backward propagation, which is the first returned variable.
          If you have the joint loss, please add them up and return one main loss.

        .. note::

          All of your variables in returned ``dict()`` will never do backward propagation with ``model.train()``.
          However, It still compute grads, without using ``with torch.autograd.no_grad()``.
          So, you can compute any grads variables for visualization.

        Example::

          var_dic = {}
          labels = self.ground_truth.squeeze().long()
          var_dic["MSE"] = loss = nn.MSELoss()(self.output, labels)
          return loss, var_dic

        """


[docs]    @abstractmethod
    def compute_valid(self):
        """Compute the valid_epoch variables for visualization.

        Compute the validations.
        For the validations will only be used in tensorboard scalars visualization.
        So, if you want some variables visualized. Make a ``dict()`` with key name is the variable's name.
        You have `self.net`, `self.input`, `self.output`, `self.ground_truth` to compute your own validations here.

        .. note::

          All of your variables in returned ``dict()`` will never do backward propagation with ``model.eval()``.
          However, It still compute grads, without using ``with torch.autograd.no_grad()``.
          So, you can compute some grads variables for visualization.

        Example::
          var_dic = {}
          labels = self.ground_truth.squeeze().long()
          var_dic["CEP"] = nn.CrossEntropyLoss()(self.output, labels)
          return var_dic

        """


[docs]    def valid_epoch(self):
        avg_dic = dict()
        self.net.eval()
        for iteration, batch in enumerate(self.datasets.loader_valid, 1):
            self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
            self.output = self.net(self.input).detach()
            dic = self.compute_valid()
            if avg_dic == {}:
                avg_dic = dic
            else:
                # sum up
                for key in dic.keys():
                    avg_dic[key] += dic[key]

        for key in avg_dic.keys():
            avg_dic[key] = avg_dic[key] / self.datasets.nsteps_valid

        self.watcher.scalars(var_dict=avg_dic, global_step=self.step, tag="Valid")
        self.loger.write(self.step, self.current_epoch, avg_dic, "Valid", header=self.current_epoch <= 1)
        self.net.train()


[docs]    def get_data_from_batch(self, batch_data, device):
        """If you have different behavior. You need to rewrite thisd method and the method `sllf.train_epoch()`

        :param batch_data: A Tensor loads from dataset
        :param device: compute device
        :return: Tensors,
        """
        input_tensor, labels_tensor = batch_data[0], batch_data[1]
        return input_tensor, labels_tensor


    def _watch_images(self, tag: str, grid_size: tuple = (3, 3), shuffle=False, save_file=True):
        pass

    @property
    def configure(self):
        config_dic = super(ClassificationTrainer, self).configure
        config_dic["num_class"] = self.num_class
        return config_dic





          

      

      

    

  

    
      
          
            
  Source code for jdit.trainer.single.sup_single

from ..super import SupTrainer
from tqdm import tqdm
import torch
from jdit.optimizer import Optimizer
from jdit.model import Model
from jdit.dataset import DataLoadersFactory


[docs]class SupSingleModelTrainer(SupTrainer):
    """ This is a Single Model Trainer.
    It means you only have one model.
        input, gound_truth
        output = model(input)
        loss(output, gound_truth)

    """

    def __init__(self, logdir, nepochs, gpu_ids_abs, net: Model, opt: Optimizer, datasets: DataLoadersFactory):

        super(SupSingleModelTrainer, self).__init__(nepochs, logdir, gpu_ids_abs=gpu_ids_abs)
        self.net = net
        self.opt = opt
        self.datasets = datasets
        self.fixed_input = None
        self.input = None
        self.output = None
        self.ground_truth = None

[docs]    def train_epoch(self, subbar_disable=False):
        for iteration, batch in tqdm(enumerate(self.datasets.loader_train, 1), unit="step", disable=subbar_disable):
            self.step += 1
            self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
            self.output = self.net(self.input)
            self._train_iteration(self.opt, self.compute_loss, csv_filename="Train")
            if iteration == 1:
                self._watch_images("Train")


[docs]    def get_data_from_batch(self, batch_data: list, device: torch.device):
        """ Load and wrap data from the data lodaer.

            Split your one batch data to specify variable.

            Example::

                # batch_data like this [input_Data, ground_truth_Data]
                input_cpu, ground_truth_cpu = batch_data[0], batch_data[1]
                # then move them to device and return them
                return input_cpu.to(self.device), ground_truth_cpu.to(self.device)

        :param batch_data: one batch data load from ``DataLoader``
        :param device: A device variable. ``torch.device``
        :return: input Tensor, ground_truth Tensor
        """
        input_tensor, ground_truth_tensor = batch_data[0], batch_data[1]
        return input_tensor, ground_truth_tensor


    def _watch_images(self, tag: str, grid_size: tuple = (3, 3), shuffle=False, save_file=True):
        """ Show images in tensorboard

        To show images in tensorboad. If want to show fixed input and it's output,
        please use ``shuffle=False`` to fix the visualized data.
        Otherwise, it will sample and visualize the data randomly.

        Example::

            # show fake data
            self.watcher.image(self.output,
                           self.current_epoch,
                           tag="%s/output" % tag,
                           grid_size=grid_size,
                           shuffle=shuffle,
                           save_file=save_file)

            # show ground_truth
            self.watcher.image(self.ground_truth,
                           self.current_epoch,
                           tag="%s/ground_truth" % tag,
                           grid_size=grid_size,
                           shuffle=shuffle,
                           save_file=save_file)

            # show input
            self.watcher.image(self.input,
                           self.current_epoch,
                           tag="%s/input" % tag,
                           grid_size=grid_size,
                           shuffle=shuffle,
                           save_file=save_file)


        :param tag: tensorboard tag
        :param grid_size: A tuple for grad size which data you want to visualize
        :param shuffle: If shuffle the data.
        :param save_file: If save this images.
        :return:
        """
        self.watcher.image(self.output,
                           self.current_epoch,
                           tag="%s/output" % tag,
                           grid_size=grid_size,
                           shuffle=shuffle,
                           save_file=save_file)
        self.watcher.image(self.ground_truth,
                           self.current_epoch,
                           tag="%s/ground_truth" % tag,
                           grid_size=grid_size,
                           shuffle=shuffle,
                           save_file=save_file)

[docs]    def compute_loss(self) -> (torch.Tensor, dict):
        """ Rewrite this method to compute your own loss Discriminator.
        Use self.input, self.output and self.ground_truth to compute loss.
        You should return a **loss** for the first position.
        You can return a ``dict`` of loss that you want to visualize on the second position.like

        Example::

            var_dic = {}
            var_dic["LOSS"] = loss_d = (self.output ** 2 - self.groundtruth ** 2) ** 0.5
            return: loss, var_dic

        """
        loss: torch.Tensor
        var_dic = {}

        return loss, var_dic


[docs]    def compute_valid(self) -> dict:
        """ Rewrite this method to compute your validation values.
        Use self.input, self.output and self.ground_truth to compute valid loss.
        You can return a ``dict`` of validation values that you want to visualize.

        Example::

            # It will do the same thing as ``compute_loss()``
            var_dic, _ = self.compute_loss()
            return var_dic

        """
        # It will do the same thing as ``compute_loss()``
        var_dic, _ = self.compute_loss()
        return var_dic


[docs]    def valid_epoch(self):
        """Validate model each epoch.

        It will be called each epoch, when training finish.
        So, do same verification here.

        Example::

        avg_dic: dict = {}
        self.net.eval()
        for iteration, batch in enumerate(self.datasets.loader_valid, 1):
            self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
            with torch.no_grad():
                self.output = self.net(self.input)
                dic: dict = self.compute_valid()
            if avg_dic == {}:
                avg_dic: dict = dic
            else:
                for key in dic.keys():
                    avg_dic[key] += dic[key]

        for key in avg_dic.keys():
            avg_dic[key] = avg_dic[key] / self.datasets.nsteps_valid

        self.watcher.scalars(avg_dic, self.step, tag="Valid")
        self.loger.write(self.step, self.current_epoch, avg_dic, "Valid", header=self.step <= 1)
        self._watch_images(tag="Valid")
        self.net.train()

        """
        avg_dic: dict = {}
        self.net.eval()
        for iteration, batch in enumerate(self.datasets.loader_valid, 1):
            self.input, self.ground_truth = self.get_data_from_batch(batch, self.device)
            with torch.no_grad():
                self.output = self.net(self.input)
                dic: dict = self.compute_valid()
            if avg_dic == {}:
                avg_dic: dict = dic
            else:
                # 求和
                for key in dic.keys():
                    avg_dic[key] += dic[key]

        for key in avg_dic.keys():
            avg_dic[key] = avg_dic[key] / self.datasets.nsteps_valid

        self.watcher.scalars(avg_dic, self.step, tag="Valid")
        self.loger.write(self.step, self.current_epoch, avg_dic, "Valid", header=self.current_epoch <= 1)
        self._watch_images(tag="Valid")
        self.net.train()


    def test(self):
        pass
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