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2rt convolve
sklearn.neural network mport MLPClassifier
sklearn.datasets inport fetch mldata
sklearn.model selection import train test_split, cross_val score, GridSearchCV
sklearn.externals :
sklearn.utils import
import os.path

grisast i scikit-learn 3l suldiwl ©

PATH = 'mlp model’

if: name == ' main '
print ('Fetching and loading MNIST data')
mnist = fetch mldata('MNIST original')
X, vy = mnist.data, mnist.target
X, v = shuffle(X, y, random state=0)
X2=X[0:4000,:] # select a part of data
y2=y[0:4000] # select a part of data labels
X _train, X test, y_train, y test = train test_split (X2 I 255., ¥2, test_size=0.25)

print ('Got MNIST with %d training- and %d test samples' % (len(y _train), len(y_test)))
print('Digit distribution in whole dataset:', np.bincount (y2.astype('int32'})}))

clf = None
if os.path.exists (PATH):
print ('Loading model from file.')
clf = joblib.load(PATH) .best_estimator_
print ('Training model."')
# params = {'hidden layer sizes': [(256,), (512,), (128, 256€, 128,)]}
params = {'hidden layer sizes': [(512,)]}
mlp = MLPClassifier (verbose=10, momentum=0.9%, learning rate='adaptive', activation='rslu')
clf = GridSearchCV(mlp, params, verbose=10, n jobs=-1, cv=5)
clf.fit(X train, y train)
print ('Finished with grid search with best mean cross-validated score:', clf,best score )
# print('Best params appeared to be', clf.best params )
joblib.dump (clf, PATH)

clf = clf.best_estimator_

print ('Test accuracy:', clf.score(X test, y test))
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Example of the Progression in the Capabilities of GANs from 2014 to 2017 .Taken from The Malicious Use of Artificial
Intelligence: Forecasting, Prevention, and Mitigation, 2018.
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Example of Sketches to Color Photographs With pix2pix.Taken from Image-to-image Translation with Conditional
Adversarial Networks, 2016.
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Example of Textual Descriptions and GAN-Generated Photographs of BirdsTaken from StackGAN: Text to Photo-
realistic Image Synthesis with Stacked Generative Adversarial Networks, 2016.
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Example of GAN-Generated Photograph Inpainting Using Context Encoders. Taken from Context Encoders: Feature
Learning by Inpainting describe the use of GANs, specifically Context Encoders, 2016.

Example of GAN-based Inpainting of Photographs of Human FacesTaken from Semantic Image Inpainting with Deep
Generative Models, 2016,
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Figure 1: Illustration of (a) LSTM and (b) gated recurrent units. (a) 4, f and o are the input, forget
and output gates, respectively. ¢ and ¢ denote the memory cell and the new memory cell content. (b)

r and z are the reset and update gates, and h and h are the activation and the candidate activation.
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Name Alignment score function Citation
Content-base  score(s;, h;) = cosine[s;, h;| Graves2014
attention
Additive(*) score(s;, h;) = v4 tanh(W,[s;; h;]) Bahdanau2015
Location-Base  a;; = softmax(W,s;) Luong2015

Note: This simplifies the softmax alignment to only depend on the
target position.
General score(s;, h;) = 8] W, h; Luong2015
where W, is a trainable weight matrix in the attention layer.
Dot-Product  score(s;, h;) = s/ h; Luong2015
Scaled Dot score(s;, hy) = 3{/:_:1' Vaswani2017
Product(™)

Note: very similar to the dot-product attention except for a scaling
factor; where n is the dimension of the source hidden state.
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