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Lecture — 35
TensorFlow Customization

So, far in this course we used TensorFlow functionality to implement machine learning
models. There are many situations in practical world where; we may have to implement new
machine learning models or use the existing TensorFlow functionality and extend it to suit

our needs.
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-~ TensorFlow Customization

So far in this course, we used methods provided by build in TF APls like tf.Keras and tf Estimator.
While these constructs are sufficient to start any Al project, there could be situations where you may
have to implement custom models, loss functions or metrics. Tensorflow 2.0 provides support for
extending its functionality. In this module, we will learn how to customize TF 2.0 functionality.

[ ] ImportTF2.0

~ Part 1: Tensors and Accelerators

Tensors

TensorFlow 2.0 provides support to extend its functionality. In this session, we will learn
how to extend functionality of TensorFlow 2.0. Before we begin, let us review the basic
concepts behind tensors and how to use tensors with hardware accelerators. Let us import

TensorFlow 2.0.
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> © ImportTF2.0

@ TensorFlow 2.x selected.

= Part 1: Tensors and Accelerators

Tensors

A Tensor is a multi-dimensional array. Similar to NumPy ndarray objects, tf. Tensor objects have a
data type and a shape. Additionally, tf.Tensors can reside in accelerator memory (Jik;

TensorFlow offers d rich library of operations (f.add, tf. matrmul, if.linalg.iny etc.) that
produce tf. Tensors. These operations automatically convert native Python types, fo

it We can add two scalars
print{tf.add(1, 2))

# returns tf.Tensor(3, shape=(), dtype=int32)

i or add vectors

As you know a tensor is a multi dimensional array, it has shape and data type. It is similar to

np.ndarray with an exception that tensor can also reside in the accelerators memory like GPU.
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data type and a shape. Additionally, tf. Tensors can reside in accelerator memory (like a GPU).
TensorFlow offers a rich library of operations (if.add, tf.matmul, i linalg.inv etc.) that consume and
produce tf. Tensors. These operations automatically convert native Python types, for example:

[ ] #We can add two scalars
print{tf.add(1, 2))

# returns tf.Tensor(3, shape=(), dtype=int32)

U or add vectors
print(tf.add([1, 2], [3, 4]))
# returns tf.Tensor([4 4], shape=(2,), dtype=int32)

# square the number

print(tf.square(5))

# returns tf.Tensor(25, shape=(), dtypes=inti2)

# sum the elements in the list and return a scalar, which is sum of e
# in the list

print(tf.reduce_sum([1, 2, 3])) # 1+ 2+ 3
# returns tf.Tensor(6, shape=(}, dtype=int32)

# Operator overloading is also supported

print(tf.square(2) + tf.square(1))

TensorFlow offers a rich library of operations like addition, multiplication. It consumes and
produces tf.Tensors. This operations automatically converts native Python types, let us look

at a few examples.



We can add two scalars as shown here. We simply add number 1 and 2. This returns a scalar
tensor containing a value of 3. It is a scalar tensor having integer32 elements in it. In a similar
manner, we can add two vectors and this addition operation returns a tensor which is a vector

with integer values in it.

We can also square the number, which returns again a scalar tensor. We can also sum the

elements in the list.
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3 tf.Tensor(6, shapes(), dtypesint32)

@ tf-Tensor([ER shape=(), dtype=int32)]

Recall that each tf.Tensor has a shape and a datatype:
[}

[ ] x = tfmatmul([[1]], [[2, 3]])
print(x)
print("Shape: ¥s"¥x.shape)
print("Data type: ¥s"%x.dtype)

The most obvious differences between NumPy arrays and tf . Tensors are;

1. Tensors can be backed by accelerator memory (like GPU, TPU).
2. Tensors are immutable.

+ NumPy Compatibility

We can also apply the tensor operations and do addition. So, in that sense operation

overloading is also supported. Let us run this snippet of the code and examine the output.
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print(tf.square(s))
» o # returns tf.Tensor(25, shape=(), dtype=int32)
# sum the elements in the list and return a scalar, which is sum of elements
t in the list
print(tf.reduce_sum([1372,73])) # 1 + 2+ 3
# returns tf.Tensor{6, shape=(), dtype=int32)
# Operator overloading is also supported

print(tf.square(2) + tf.square(1))

@ tf.Tensor(3, shabe=(), dtype=inti2)
tf.Tensor([4 6], shape=(2,), dtype=int32)
tf.Tensor(25, shape=(), dtype=int32)
{
{

tf.Tensor(6, shape=(), dtype=int32)
tf.Tensor(13, shape=(), dtype=int32)

Recall that each tf Tensor has a shape and a datatype:

[ 1 x=tfmatmul([[1]], [[2, 3]])
print{x)
rint("Shape: ¥s"%kx,shape

We can see that the outputs are as per our expectations. Recall that, each tensor has a shape

and a data type.
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> tf.Tensor(6, shape=(), dtype=int32)

"3 tf.Tensor(13, shape=(), dtype=int32)

Recall that each tf Tensor has a shape and a datatype:
CRRTE - I I

x = th.matmul([[1]], [[2, 31])
print(x)

print("Shape: ¥s"%x.shape)
print{"Data type: %s"Ex.dtype)

tf.Tensor([[2 3]], shape=(1, 2), dtype=int32)
D

Shape: (1, 2)

Data type: <dtype: '"int32'»

The most obvious differences between NumPy arrays and tf. Tensors are:

1. Tensors can be backed by accelerator memory (like GPU, TPU)
2. Tensors are immutable

And as we have seen earlier in this course we can examine the shape of the tensor using

.shape attribute and data type using .dtype. Here we multiply two vectors using matrix



multiplication operations which produces a tensor which is a matrix of shape (1, 2) and it

holds integer elements in it.
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o Shape: (1,”5)
) Data type: <dtype: 'int32">

The most obvious differences between NumPy arrays and tf. Tensors are;

1. Tensors can be backed by accelerator memory (like GPU, TPU)
2 Tensors are mmutable, *

* NumPy Compatibility

Converting between a TensorFlow tf.Tensors and a NumPy ndarray is easy:

» TensorFlow operations automatically convert NumPy ndarrays to Tensors.

« NumPy operations automatically convert Tensors to NumPy ndarrays
Tensors are explicitly converted to NumPy ndarrays using their . numpy( ) method.
are typically cheap since the array and tf . Tensor share the underlying memory g

The most obvious difference between NumPy arrays and tf. Tensors are tensors can be backed
up by accelerator memory and tensors are immutable. Converting between a TensorFlow
tf. Tensors and NumPy array is easy. TensorFlow operations automatically converts NumPy

arrays to tensors.

NumPy operations automatically converts tensors to NumPy array. Tensors are explicitly
converted to NumPy array using .numpy method. These conversions are typically cheap,

because the array and tf. Tensor share the same underlying memory representation.
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« TensorFlow operations automatically convert NumPy ndarrays to Tensors.
= NumPy operations automatically convert Tensors to NumPy ndarrays.

Tensors are explicitly converted to NumPy ndarrays using their . numpy( ) method. These conversions
are typically cheap since the array and tf . Tensor share the underlying memory representation, if
possible. However, sharing the underlying representation isn't always possible since the tf . Tensor
may be hosted in GPU memory while NumPy arrays are always backed by host memory, and the
conversion involves a copy from GPU to host memory

[ ] import numpy as np

ndarray = np.ones{[3, 3])
print (“Content of array:")
print (ndarray)

print ()

print{"TensorFlow operations convert numpy arrays to Tensors automatically")
tensor = tf.multiply(ndarray, 42)

print(tensor)

print ()

However, sharing the underlying representation is not always possible since tf.Tensor can

also reside in the accelerators memory. If the tf.Tensor is hosted in GPU, then we have to first

make a copy to memory and then carry out the conversion to the NumPy. Let us look at an

example.
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y [] import numpy as np

ndarray = np.ones([3, 3])
print (“Content of array:")
pl‘],nt {rlll.,ll'r'\\y']

print ()

print("TensorFlow operations convert numpy arrays to Tensors automatically®)
lerlsulr = tf.multiply(ndarray, 42)
print{tensor)

print ()

print("And NumPy operations convert Tensors to numpy arrays automatically")
print(np.add(tensor, 1})

print ()

print("The .numpy() method explicitly converts a Tensor to a numpy array")

print(tensor.numpy())
print ()

* GPU acceleration

Many TensorFlow operations are accelerated using the GPU for computation. Without any

Here we take a NumPy matrix which is 3 by 3 matrix, which is initialized to ones. We later

convert it to tensor, we multiply this particular matrix by number 42. And, then we perform



addition using np.add command. So, here you are applying tensor operations on NumPy array

where here we are applying NumPy operations on tensors.

And in this particular statement, we show how to get NumPy representation for the tensor.

Let us run this code and examine the output.
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3 ° import numpy as np

ndarray = np.ones([3, 3])
print, ("Content of array:")
print (ndarray)

print ()

print("TensorFlow operations convert numpy arrays to Tensors automatically")

tensor = tf.multiply(ndarray, 42)
print{tensor)
print ()

print("And MumPy operations convert Tensors to numpy arrays automatically")

print(np.add(tensor, 1})
print ()

print{"The .numpy() method explicitly converts a Tensor to a numpy array")
print(tensor.numpy())
print ()

Content of array:
[[1. 1. 1.]
[1.1.1.]
i 1:]]
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print (tensor.numpy(}))
print ()

) Content of array:
1. 1. 1.]
[1. 1. 1.]
1. 1. 1.1]

TensorFlow operations convert numpy arrays to Tensors automatically
tf. Tensor(

[[42. 42. 42.]

[42. 42, 42.]

[42. 42. 42,]], shape=(3, 3), dtype=float6d)

And NumPy operations convert Tensors to numpy arrays automatically
[[43. 43. 43.]
[43. 43. 43.]
[43, 43, 43.]]

The .num) method explicitly converts a Tensor to a numpy arra

NPTE



We can see that are array is, you can see that your matrix to begin with 3x3 matrix containing
all ones. We added 42 it. We added, we multiplied this particular matrix by 42 getting 42 at
each location in the matrix. Then we add 1 to this particular matrix through np.add operation.
So, we get content 43 at each cell in the matrix. And finally, we convert the tensor to numpy

array note that the tensor was finally, holding values 42 at each cell in the matrix.
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And NumPy operations convert Tensors to numpy arrays automatically
[[43. 43. 43.]

[43. 43, 43.]
[43. 43. 43.]]

The .numpy() method explicitly converts a Tensor to a numpy array
[[42. 42, 42.]
[42. 42, 42.]
[42. 42. 42.]]

+ GPU acceleration

Many TensorFlow operations are accelerated using the GPU for computation. Without any
annotations, TensorFlow automatically decides whether to use the GPU or CPU for an operation—
copying the tensor between CPU and GPU memory, If necessary, Tensors produced by an operation

And that is why we see the output of 43. So, this np.add operation converts tensor into nd
array and then adds 1, that is why the output of this is not copied to the original tensor. And,

hence we see 42 here and not 43.
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~ GPU acceleration

Many TensorFlow operations are accelerated using the GPU for computation. Without any
annotations, TensorFlow automatically decides whether to use the GPU or CPU for an operation—
copying the tensor between CPU and GPU memory, if necessary, Tensors produced by an operation
are typically backed by the memory of the device on which the operation executed, for example:

&

[ 1 x = tf.random.uniform{[3, 3])

print("Is there a GPU available: "},
print(tf.test.1s _gpu_available())

Check if the tensor is stored in GPU with tensor, device. endswith method.

[ ] print("Is the Tensor on GPU #8: "),
print(x.device.endswith('GPU:@"))

Many TensorFlow operations can be accelerated using GPUs without any annotations.
TensorFlow automatically decides whether to use GPU or CPU for any operation. When it
decides to use a GPU, it copies the data to GPU and uses it for performing the desired
operation. Tensors produced by the operation are typically backed by memory of the device

on which the operation was executed. Let us understand this concept with an example.
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+ GPU acceleration

Many TensorFlow operations are accelerated using the GPU for computation. Without any
annotations, TensorFlow automatically decides whether to use the GPU or CPU for an operation—
copying the tensor between CPU and GPU memory, If necessary. Tensors produced by an operation
are typically backed by the memory of the device on which the operation executed, for example:

R N
° x = tf.random.uniform([3, 3])

print({"Is there a GPU available: "),
print(tf.test.ds_gpu_available())

) Is there a GPU available:
~ True

Check If the tensor is stored in GPU with tensor . device . endswith method.



We define a 3x3 matrix with random numbers drawn from a uniform distribution. We check
if GPU is available with us. Since, we use GPU hardware accelerator for platform; GPU is
available to us that is why we can see that each GPU available as true. We check whether

GPU is available using test.is_gpu_available method.
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’ (s print("Is there a GPU avallable: ")
print(tf.test.1s_gpu_available())

) 1s there a GPU available:
~ True

Check if the tensor is stored in GPU with tensor . device . endswith method.

RN
print{"Is the Tensor on GPU #@: "),
print({X.device.endswith('GPU:@"))
) Is the Tensor on GPU #9:

True

How does it specify device names?

The Tensor.device property provides a fully qualified string name of the device hosting the contents

of the tensor. This name encodes mani details, such as (i) an identifier of the network address of the

Next we check if the tensor is stored on the GPU. We check that using

Tensor.device.endswith method. You can see that this particular tensor is stored on GPU.
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2 o Is the Tensor on GPU #@:
&) True

How does it specify device names?

The Tensor.device property provides a fully qualified string name of the device hosting the contents
of the tensor. This name encodes many details, such as (i) an identifier of the network address of the
host on which this program is executing and (i) the device within that host. This is required for
distributed execution of a TensorFlow program. The string ends with GPU: <N if the tensor is placed
on the N-th GPU on the host

k - @ CODE - @ TEXT -
+ How can we place a tensor on GPU explicitely?

In TensorFlow, placement refers to how individual operations are assigned (placed on) a device for
execution. As mentioned, when there is no explicit guidance provided, TensorFlow automatically
decides which device to execute an operation and copies tensors to that device, if needed. However,

Let us try to understand how the device names are specified in TensorFlow. Tensor.device
property provides a fully qualified string name of the device hosting the contents. The name
encodes many details such as identifier of the network address of the host on which this

program is executing and the device within that host.
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So, there are two parts to it. One device may have multiple GPUs. Firstly, there exists a
numbering of devices in the system. And each device may have multiple GPUs. Each GPU
within a device is identified by a GPU ID.

So, in order to understand where exactly the tensor is stored, you need to know the device ID
and the GPU ID within the device. So, what we do is; we have a string that will have things
like, “Device:1:GPU:N” and here, N is the ID of the GPU.

This particular path, gives us a complete identification of the device; where the tensor is
stored. We know that TensorFlow automatically decides whether to carry out an operation on
a specific GPU device or not. TensorFlow also automatically decides whether to place a
tensor on a GPU or not. We can also specify or instruct TensorFlow whether to put a

particular tensor on GPU or not. Let us see how to do that particular thing.
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° i We will perform matrix multiplication on CPU and GPU and compare the timings.
import time
# Function for matrix multiplication with itself 188 times.
def time_matmul(x):
start = time.time()
# Porform mult iplication 100 times.
for loop in range(10@):
tf.matmul(x, x)

result = time.time()-start

print("188 loops: {:0.2f)ms".format(1000*result))

# Force execution on CPL

print{"0On CPU:")

with tf.device("CPU:@"):
x = tf.random.uniform{[1008, 1008])
assert x.device.endswith("CPU:@")

So, here is an example; in this function we multiply the matrix with itself 100 times. And
what we do is, we find out how much time it takes to carry out this particular multiplication

operation.
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3 ° print("18@ loops: {:0.2f}ms".format(1000%result))

# Force execution on CPU

print({"on CPU:")

with tf.device("CPU:@"):
x = tf.random.uniform([10608, 1008])
assert x.device.endswith("CPU:@")
time_matmul(X)

print(}

# Force execution on GPU #0 if avallable by first placing the tensor on GPU.
if tf.test.is gpu_available():
print({"Dn GPU:")
with tf.device("GPU:0"): # Or GPU:1 for the 2nd GPU, GPU:2 for the Ird etc.
x = tf.random.uniform([1008, 1668])
assert x.device.endswith("GPU:@")
time matmul(x)

+ Part 2: Customize tf.Keras Seiuemial API

And, here what we will do is we will force this particular operation first on CPU and then on
GPU. We can do this in the tf.device context. Here we define the multiplication operation in
the context of CPU, we specify CPU with tf.device and the CPU ID string. So, this is the first
CPU that is why it is CPU:O0.

We define our matrix to be of 1000 by 1000 dimension and each element in the matrix is
randomly initialized using uniform distribution. We make sure that the tensor is placed on
CPU by asserting that the device associated with x is indeed CPU:0. And then we call the
matrix multiplication function and also measure the time it takes to carry out multiplication of

this particular matrix with itself 100 times.

We repeat the same operation with GPU. There is one difference before forcing the operation
on GPU, we first check whether the GPUs are available to us. Then if GPUs are available to
us, what we do is, in the context of the GPU device, we repeat the same operations as we did

on CPU. So, let us run this to find out how much time it takes on CPU and GPU.
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x = tf.random.uniform{[1008, 1608])
> 0 :

assert x.device.endswith{"GPU:8")
time matmul(x)

B oOn CPU:
© 1088 loops: 3§31.95ms

On GPU:
188 loops: 633,75ms

~ Part 2: Customize tf.Keras Sequential API
Customization opportunities:

+ Model
+ Loss function

« Training Loop

So, we can see that on CPU it took 3831.95 milliseconds whether on GPU it took around

633.75 milliseconds. So, it is almost 6 times lesser time taken on GPU to perform

multiplication or the matrix to itself 100 times.



