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def forward():
inputs = tf.keras.Input(shape=(28, 28), name="image")
= tf.keras.layers.Reshape((28, 28, 1)) (inputs)
= tf.keras.layers.Conv2D(32, kernel_size=(3, 3), activation="relu") (x)
= tf.keras.layers.Conv2D(64, kernel_size=(3, 3), activation="relu") (x)
tf.keras.layers.BatchNormalization() (x)
= tf.keras.layers.MaxPooling2D(pool_size=(2, 2)) (x)
= tf.keras.layers.Dropout (0.25) (x)
= tf.keras.layers.Flatten() (x)
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outputs = tf.keras.layers.Dense(10) (x)
return tf.keras.Model(inputs=inputs, outputs=outputs, name="mnist_model")
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def loss(labels, predictions):
labels = tf.reshape(labels, [-1])
return tf.reduce_mean(
input_tensor=tf.nn.sparse_softmax_cross_entropy_with_logits(
logits=predictions, labels=labels

)

def optimizer(lr=0.1):
return tf.optimizers.SGD(1r)

def feed(dataset, mode, _):
def _parse_data(record):
if mode == Mode.PREDICTION:
feature_description = {
"image": tf.io.FixedLenFeature([28, 28], tf.float32)
}
else:
feature_description = {
"image": tf.io.FixedLenFeature([28, 28], tf.float32),
"label": tf.io.FixedLenFeature([1], tf.int64),
}
r = tf.io.parse_single_example(record, feature_description)
features = {
"image": tf.math.divide(tf.cast(r["image"], tf.float32), 255.0)
}
if mode == Mode.PREDICTION:
return features
else:
return features, tf.cast(r["label"], tf.int32)

dataset = dataset.map(_parse_data)

if mode == Mode.TRAINING:
dataset = dataset.shuffle(buffer_size=1024)
return dataset
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Gang scheduling -- two jobs one after another
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Figure 1: overlap jobs
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Figure 2: auto react
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Changing # workers doesn't affect convergence -- wide and deep model
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Figure 3: wide-n-deep training coverges
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Figure 4: xdeepfm training converges
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