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Hardware for Deep Learning
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GPU vs. CPU
▪
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SIMT Parallelism
▪
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SIMT Parallelism
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Selective parallelization 
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TensorFlow and GPUs

▪

▪
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Tensor transformations:
slicing
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Slicing
▪

▪

my_scalar = my_vector[2]

my_scalar = my_matrix[1, 2]

▪

my_row_vector = my_matrix[2]

my_column_vector = my_matrix[:, 3]
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TensorFlow slicing and NumPy slicing
▪ Tensor.getitem

▪

foo = tf.constant([ [1,2,3],

[4,5,6],

[7,8,9]  ])

# skip every row and reverse every column

tf.print(foo[::2,::-1]) # => [[3,2,1], [9,8,7]]

# Insert another dimension

tf.print(foo[:, tf.newaxis, :]) # => [[[1,2,3]], [[4,5,6]], [[7,8,9]]]

# Ellipses (the following lines are equivalent)

tf.print(foo[tf.newaxis, ...]) # => [[[1,2,3], [4,5,6], [7,8,9]]]

tf.print(foo[tf.newaxis]) # => [[[1,2,3], [4,5,6], [7,8,9]]]
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Tensor transformations:
broadcasting
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Broadcasting: an example with TensorFlow
# Create a three-element vector (1-D tensor).

a = tf.constant([1, 2, 3], dtype=tf.int32, name=‘a’)

# Create a constant scalar with value 2.

b = tf.constant(2, dtype=tf.int32, name=‘b’)

# Multiply the two tensors element-wise. 

result = tf.multiply(a, b)

tf.print(result)

▪

▪

▪
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The General Broadcasting Rules
▪

▪

▪

▪
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Applying the General Broadcasting Rule

A      (2d array):   5 x 4

B      (1d array):       1

Result (2d array):   5 x 4

A      (3d array):  15 x 3 x 1

B      (2d array):       3 x 5

Result (3d array):  15 x 3 x 5

A      (4d array):   8 x 1 x 6 x 5

B      (3d array):       7 x 1 x 5

Result (4d array):   8 x 7 x 6 x 5
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Broadcasting: another example
▪

Image  (3d array): 4 x 4 x 3

Scale  (1d array):         3

Result (3d array): 4 x 4 x 3
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Tensor transformations:
reshaping
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Reshaping: examples
▪ 𝑨

a = tf.transpose(tf.constant([[0.0,1.0,2.0,3.0]]))

a = tf.reshape(tensor = [0.0,1.0,2.0,3.0],
shape  = [-1,1])

shape
tensor

▪

a = tf.ones([4,3]) # A 2-D (4,3) tensor

b = tf.reshape(tf.range(1.0,5.0),[-1,1]) # A 2-D (4,1) tensor

t = a*b (and NOT tf.matmul(a,b)) # A 2-D (4,3) tensor

t_1d = tf.reshape(t,[-1]) # A 1-D (12) tensor

tf.print(t_1d)
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Tensors reshaping
▪

tf.reshape(tensor, shape, name=None)

▪ shape
tensor

▪ shape

shape
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Tensor transformations:
stacking
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Stacking
▪

tf.stack([tensor0, tensor1, …], axis=0, name='stack’)

▪

x = tf.constant([1, 4])     # Shape (2,)

y = tf.constant([2, 5])     # Shape (2,)

z = tf.constant([3, 6])     # Shape (2,)

tf.stack([x, y, z], axis=0) # Shape (3,2): [[1,4],[2,5],[3,6]]

tf.stack([x, y, z], axis=1) # Shape (2,3): [[1,2,3],[4,5,6]]   

▪

• axis == 0 

• axis == 1 
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Splitting
▪

tf.split()

▪

# 'value' is a tensor with shape [6, 30]
# split 'value' into 2 tensors along dimension 0
split0_0, split0_1 = tf.split(value, 2, axis=0)
tf.shape(split0_0) # [3, 30]
# split 'value' into 3 tensors along dimension 1
split1_0, split1_1, split1_2 = tf.split(value, 3, axis=1)
tf.shape(split1_0) # [6, 10]

# Split 'value' into 3 tensors with sizes [4, 15, 11]
# along dimension 1 (note that 4+15+11 = 30)
split0, split1, split2 = tf.split(value, [4, 15, 11], 1)
tf.shape(split0) # [6, 4]
tf.shape(split1) # [6, 15]
tf.shape(split2) # [6, 11]


