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A BRI PN (Generative Adversarial Networks, GANs)
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Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k, is a hyperparameter. We used k£ = 1, the least expensive option, in our
experiments.
for number of training iterations do
for £ steps do

e Sample minibatch of m noise samples {z(}), ..., z(™)} from noise prior p,(z).
e Sample minibatch of m examples {z'", ..., (™} from data generating distribution
I)dulu(m)-

e Update the discriminator by ascending its stochastic gradient:
1 m i i
=2 ! (7) - (%)
ngm;[logD(z ) +1og (1-D (G (= )))]

end for
 Sample minibatch of m noise samples {z'*), ..., 2™} from noise prior p,(z).
e Update the generator by descending its stochastic gradient:

Vo, o og (1-0 (6 (=))).

end for
The gradient-based updates can use any standard gradient-based leamning rule. We used momen-
tum in our experiments.
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outputs = D(images)
d_loss_real = criterion(outputs, real_labels)
real_score = outputs

z = torch.randn(batch_size, latent_size).to(device)
fake_images = G(z)
outputs = D(fake_images)

d_loss_fake = criterion(outputs, fake_labels)
fake_score = outputs

d_loss = d_loss_real + d_loss_fake
reset_grad()

d_loss.backward()
d_optimizer.step()




z = torch.randn(batch_size, latent_size).to(device)
fake_images = G(z)

outputs = D(fake_images)

g_loss = criterion(outputs, real_labels)

reset_grad()
g loss.backward()
g _optimizer.step()
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criterion = nn.BCELoss()

d_optimizer = torch.optim.Adam(D.parameters(), lr=08.0802)

g_optimizer = torch.optim.Adam(G.parameters(), lr=0.0002)

Criterition /& — /N SRR R H,  AEH AR
maxBnize Ezp,,. [log D(z)] +E. ) [log(1 — D(G(2)))]
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real_ labels .ones(batch_size, 1).t
fake_labels tor‘c_h zeros(batch_size, 1).

Module 'torch® has no 'zeros' member

Python > Linting: Pylint Path

Path to Pylint, you can use a custom version of pylint by modifying this setting to include the full path.

C\python\anaconda3\pkgs\pylint-2.4.4-py37_0\Scripts\pylint

5. 4 EH CERERIHS python ZEREAIZ: ML &5 S SRR IR AR, & R AAD
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PS D:\pytorch-tutorial-master> cd ; &

Downloading file:///D:/MLpython/MNIST data/train-images-idx3-ubyte.gz to ./data\MNIST\raw\train-images-idx3-ubyte.gz
9920512it [@e:ee, 231331757.18it/s]

Extracting ./data\MNIST\raw\train-images-idx3-ubyte.gz to ./data\MNIST\raw

Downloading file:///D:/MLpython/MNIST_ data/train-labels-idx1-ubyte.gz to ./data\MNIST\raw\train-labels-idx1l-ubyte.gz
327681t [00:00, 16420424.55it/s]

Extracting ./data\MNIST\raw\train-labels-idxl-ubyte.gz to ./data\MNIST\raw

Downloading file:///D:/MLpython/MNIST_data/t1@k-images-idx3-ubyte.gz to ./data\MNIST\raw\t1@k-images-idx3-ubyte.gz
16547841t [@0:00, 207363602.83it/s]

Extracting ./data\MNIST\raw\t16k-images-idx3-ubyte.gz to ./data\MNIST\raw

Downloading file:///D:/MLpython/MNIST_data/t10k-labels-idxl-ubyte.gz to ./data\MNIST\raw\t1@k-labels-idxl-ubyte.gz
8192it [00:00, 8223968.02it/s]

Extracting ./data\MNIST\raw\t16k-labels-idx1l-ubyte.gz to ./data\MNIST\raw

Processing...
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suppressed for the rest of this program.

Done!

Epoch [©/200], Step [2ee/6e@], d_loss:
Epoch [©/20@], Step [4e8/6e@], d_loss:
Epoch [B/20@], Step [6e8/680], d_loss:
Epoch [1/2@@], Step [2ee/6e@], d_loss:
Epoch [1/20@], Step [4e8/68@], d_loss:
Epoch [1/2@@], Step [6e8/68@], d_loss:
Epoch [2/20@], Step [2e8/68@], d_loss:

OO D

[198/208], Step [40@/6€0], d_loss: ©.9448, g loss:
[198/200], Step [6ee/6€0], d loss: ©.9277, g loss:
[199/200], Step [20e/6€@], d_loss: ©.8833, g loss:
[199/200], Step [400@/6€0], d_loss: ©.9395, g loss:
[199/288], Step [600@/660], d_loss: ©.9942, g loss:
pytorch-tutorial-
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https://github.com/yunjey/pytorch-tutorial/blob/master/tutorials/03-

advanced/generative _adversarial network/main.py#L41-L57



