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Lecture — 23
Transfer Learning with Tensorflow_hub

[FL]. In the previous session, we learnt how to use transfer learning in the context of
convolutional neural network. In this session we will use tf.hub which is a way to share
pre trained modeled components with the community. We will use pre trained models
from tf.hub and use them for feature extraction as well as fine tuning. In this session we
will learn how to use Tensorflow hub with tf.keras API, how to do image classification

using Tensorflow hub and how to do a simple transfer learning.
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This tutorial demonstrates:

1. How to use TensorFlow Hub with tf.keras
2. How to do image classification using TensorFlow Hub.
3. How to do simple transfer learning.

v Setup

[1] from _future__ import absolute_import, division, print_function, unicode_literals
import matplotlib.pylab ag plt

Ipip install tensorflow-gpus=2.0.0-betal
inport tensorflow as tf

Requirement already satisfied: tensorflow-gpu==2.0.0-betal in /usr/local/lib/python3.6/dist-packages (2.0.0b1)
Requirement already satisfied: six»=1.10.8 in /usr/local/lib/python3.6/dist-packages (from tensorflow-gpu==2.0.0-b
Requirement already satisfied: grpcio»=1.8.6 in /usr/local/lib/python3.6/dist-packages (from tensorflow-gpu==2.0.0
Requirement already satisfied: wrapt>=1.11.1 in /usr/local/lib/python3.6/dist-packages (from tensorflow-gpu==2.0.0
. Requirement already satisfied: keras-preprocessing>=1.0.5 in /usr/local/lib/python3.6/dist-packages (from tensorfl:
'l \‘gequirement already satisfied: protobuf>=3.6.1 in /usr/local/lib/python3.6/dist-packages (from tensorflow-gpu==2.0
i 3 equirement already satisfied: wheel>=0.26 in /usr/local/lib/python3.6/dist-packages (from tensorflow-gpu==2.0.8-b
‘Fﬁequirement already satisfied: numpy<2.0,>=1.14.5 in /usr/local/lib/python3.6/dist-packages (from tensorflow-gpu==
astor»=0.6.0 in /usr/local/lib/python3.6/dist-packages (from tensorflow-gpu==2.0.0-!

First we will import all the necessary libraries install TensorFlow 2.0 and import
tensorflow. Note that we are installing tensorflow-gpu since we are training a CNN on
images which runs faster on gpu we are using gpu as a hardware accelerator for this

colab.
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Requirement already satisfied: termcolor>=1.1.0 in /usr/local/lib/python3.6/dist-packages (from tensorflow-gpu==2.
Requirement already satisfied: google-pasta>=0.1.6 in /usr/local/lib/python3.6/dist-packages (from tensorflow-gpu=
Requirement already satisfied: tb-nightly<1.14.0a20190604,>=1.14.0a20190603 in /usr/local/lib/python3.6/dist-packa
Requirement already satisfied: setuptools in /usr/local/lib/python3.6/dist-packages (from protobuf>=3.6.1->tensorf
Requirement already satisfied: hSpy in /usr/local/lib/python3.6/dist-packages (from keras-applications>=1.0.6->ten
Requirement already satisfied: werkzeug»>=8.11.15 in /usr/local/lib/python3.6/dist-packages (from tb-nightly<1.14.0
Requirement already satisfied: markdown>=2.6.8 in /usr/local/lib/python3.6/dist-packages (from tb-nightly<1.14.0a2

> [t

~

Ipip install tensorflow_hub
import tensorflow_hub as hub I

from tensorflow.keras import layers

Requirement already satisfied: tensorflow_hub in /usr/local/lib/python3.6/dist-packages (9.5.0)

Requirement already satisfied: six»=1.10.8 in /usr/local/lib/python3.6/dist-packages (from tensorflow_hub) (1.12.0
Requirement already satisfied: numpy>=1.12.@ in /usr/local/lib/python3.6/dist-packages (from tensorflow_hub) (1.16
Requirement already satisfied: protobuf>=3.4.@ in /usr/local/lib/python3.6/dist-packages (from tensorflow_hub) (3
Requirement already satisfied: setuptools in /usr/local/lib/python3.6/dist-packages (from protobuf>=3.4.0->tensorf
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For tensorflow hub we import tensorflow hub library and also import layers from the

tf.keras library.
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~ AnImageNet classifier

v Download the classifier

Use hub.module to load a mobilenet, and tf . keras. layers.Lambda to wrap it up as a keras layer. Any TensorFlow 2 compatible image classifier
URL from tfhub.dev will work here

rVveoRi

° Flassifier_url ="https://tfhub.dev/google/tf2-preview/mob classifier_url: hnps://tfhub.dev/goog\e/th-pre\

[4]  IMAGE_SHAPE = 1(224, 224)

classifier = tf.keras,Sequential([
hub.KerasLayer(classifier_url, input_shape=IMAGE_SHAPE+(3,))
D

¥ Runit on a single image

load a single image to try the model on.

NB5IELimport numpy as np
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Next we download the classifier from tf.hub. We use hub.module to load a MobileNet
and tfkeras.layers.Lambda to wrap it using a keras layer. So, this is the url for the
classifier the MobileNet on tensorflow hub. We define the shape of the image which 224

x 224 and we define a sequential model with the hub layer.
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hub. |<erasLayer((lassifier_uri; input_shape=IMAGE_SHAPE+(3,))

> 4]

¥ Runit on a single image

Download a single image to try the model on.

[5] import numpy as np
import PIL.Image as Image
grace_hopper = tf.keras.utils.get_file('inage.jpg', https://storage.googleapis.con/download. tensorflow.ong/exanple_images/
grace_hopper = Image.open(grace_hopper).resize(IMAGE_SHAPE)
grace_hopper

Downloading data from https://storage.googleapis.com/download. tensorflow.org/example_images/grace_hopper.jpg
65536/61306 [==: ] - @s Qus/step
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If we run this particular model on a single image let us see what we get. We download

the image using tf.keras.util.get file() and resize the image by the image shape.
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° grace_hopper = np.array(grace_hopper)/255.0
grace_hopper. shape
(224, 224, )
Add a batch dimension, and pass the image to the model.
[7] result = classifier.pre&ict(grace_hopper[np.newax:\s, we])
result. shape
0 (1, 1001)
Tégr ultis @ 1001 element vector of logits, rating the probability of each class for the image.
NP
NBa@ERtop class ID can be found with argmax:
no Type here to search 3 BsaBa0 g

The input image is a colored image with three channels and has height and width of 224
each. We know that CNS take 4D tensor, so, we add a batch dimension and pass the
image to the model. So, the result of the classifier is a 2D tensor which has 1001

elements corresponding to logics rating the probability of each class for the image. The



top class ID can be found using argmax(). So, you can see that the class ID for the input
image is 653.

In order to get the text representation of the class we download the ImageNet labels file

and use it to decode the name of the class.
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[10] plt.imshow(grace_hopper)
plt.axis('off')

predicted_class_name = imagenet_labels[predicted_class]
_ = plt.title("Prediction: " + predicted_class_name.title())

Prediction: Military Uniform

So, you can see that the prediction which was ID 653 corresponds to Military Uniform.

We can use tf.hub to retrain the top layer of the model to recognize the classes in a
dataset.
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~ Simple transfer learning
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Using TF Hub it is simple to retrain the top layer of the model to recognize the classes in our dataset.

v Dataset

For this example you will use the TensorFlow flowers dataset:

[11] data_root = tf.keras.utils.get_file(
'flower_photos', 'https://storage.googleapis.com/download. tensorflow.org/example_images/flower_photos.tgz',

untar=True)

1leapis.com/download. tensorflow.org/example images/flower _photos.tgz
==] - 3s Qus/step

Downloading data from https://storaj
‘\228818944/228813984 [

&

y mﬁnples( way to load this data into our model is using tf.keras.preprocessing. image. InageDataGenerator,
El

af Tananellau Luh's imana
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Let us download a flower dataset and demonstrate transfer learning with tf.hub. We load
the data into our model using mage data generator which you can see here and we pass
the rescaling parameter to it. The TensorFlow Hub’s image modules expect a float input

between 0 to 1, hence we rescale the input image. We also resize the image to the desired

shape.
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The simplest way to load this data into our model is using tf.keras.preprocessing. image. InageDataGenerator,
All of TensorFlow Hub's image modules expect float inputs in the [@, 1] range. Use the InageDataGenerator's rescale parameter to achieve
this.

The image size will be handled later.

[12] image_generator = tf.keras.preprocessing.image.ImageDataGenerator(rescale=1/255)
image_data = image_generator.flow_from_directory(str(data_root), target_size=IMAGE_SHAPE)

Found 3670 images belonging to 5 classes.

The resulting object is an iterator that returns image_batch, label_batch pairs

LRV I |

° for image_batcﬂ. label_batch in image_data:
print("Inage batch shape: ", image_batch. shape)
print("Label batch shape: ", label_batch.shape)
break

£A Inage batch shape: (32, 224, 224, 3)
abel batch shape: (32, 5)

&/
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We can look at the shape of image batch and the label batch. The image batch is the 4D
tensor each having 32 images with height and width of 224 and 3 channels. So, for each

image we have a vector of size 5.

(Refer Slide Time: 05:35)
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y 0 break
Image batch shape: (32, 224, 224, 3
Label batch shape: (32, E

v Run the classifier on a batch of images

Now run the classifier on the image batch.

[14] result_batch = classifier.predict(inage_batch)
result_batch. shape

(32, 1001)

[15] predicted_class_names = imagenet_labels[np.argmax(result_batch, axis=-1)]
predicted_class_nanes

array(['daisy', 'cardoon', 'daisy', 'bee', 'picket fence', 'daisy', 'bee’,

%)

'vase', 'bee',

EL
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So, the flower dataset has 5 classes and each class is represented in one hot encoding. Let
us run the classifier on the image batch. Note that currently the classifier only contains
the keras layer from hub. If you apply the classifier on the image batch we get a 2D
tensor of shape (32, 1001).
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v Download the headless model
TensorFlow Hub also distributes models without the top classification layer. These can be used to easily do transfer learning.

Any Tensorflow 2 compatible image feature vector URL from tfhub.dev will work here.

feat tor_url =!"https: //tfhub.d le/tf2-
[47)jfstine extracteniun pei/Aub:cev/eoog 8 ci2; e feature_extractor_url: ' https:/tfhub.dev/google,

Create the feature extractor.

[18] feature_extractor_layer = hub.KerasLayer(feature_extractor_url,
input_shape=(224,224,3))

It returns a 1280-length vector for each image:

[19] feature_batch = feature_extractor_layer(image_batch)

A Yrin((feature_batch. shape)

\_,532, 1280)
NPTEL
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Tensorflow_hub distributes model without a top classification layer. This can be used for

transfer learning.

So, we create a feature extractor as a keras layer with the input shape of 224 x 224 x 3 it
returns a 1280 length vector. The feature batch is a 2D tensor. So, for every image we

have 1280 length vector.
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v Attach a classification head

Now wrap the hub layer in a tf. keras. Sequential model, and add a new classification layer.

rVe R

° model = tf.keras.Sequential([
feature_extractor layer,
layers.Dense(image_data.num_classes, activation='softmax')

1

model. summary ()

Model: "sequential 1"

Layer (type) Output Shape Param #
keras_layer_1 (KerasLayer) (None, 1280) 2257984
dense (Dense) (None, E) 6405

Total params: 2,264,389
Trainable params: 6,405
on-trainable params: 2,257,984

NPTEL
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You freeze the variable in the feature extraction layer, so that the training only modifies
the new classifier layer. So, we attach a new classifier layer to the model. The new
classifier layer has units equal to the number of classes in the images and we use
Softmax as an activation function. Since we have 5 different classes, the dense layer

outputs 5 probabilities one corresponding to each class.

So, the number of parameter for keras layer is equal to the number of parameters in the
MobileNet. MobileNet has 2.2 million parameters and the dense layer has 1280 inputs.
So, for every unit we have this 1280 parameters corresponding to each of the input plus 1
bias. So, there are 1281 parameters per unit and we have 5 units making it to 6405

parameters.

So, the total parameters are sum of the parameters in the keras layer and the parameters
in the dense layer. Out of this total parameters the parameters in the keras layer are non-

trainable were as the parameters in the dense layer are trainable.
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> Tensorshape([32, 5])

v Train the model

Use compile to configure the training process

[24] model.compile(
optimizer=tf, keras.optimizers.Adam(),
loss="categorical_crossentropy’,
metrics=['acc'])

Now use the . fit method to train the model

To keep this example short train just 2 epochs. To visualize the training progress, use a custom callback to log the loss and accuracy of each batch
individually, instead of the epoch average.

[25] class CollectBatchStats(tf.keras.callbacks.Callback):
def __init_ (self):
seIf.batch_losses = []
self.batch_acc = []

: \ def on_train_batch_end(self, batch, logs=None):
self batch_losses. append(logs| 'loss'])
self.batch_acc.append(logs(‘'acc'])
self.model.reset_netrics()

N
nOr\ fema@a@EE0 4

Let us compile the model. Since we have 5 classes, we use categoricalcrossentropy loss.
We use Adam as an optimizer. Let us fit the model. We will fit the model just for 2

epochs.
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class CollectBatchStats(tf.keras.callbacks.Callback):
> [25]  def _init_(self):
self.batch_losses = []
self.batch_acc = []

def on_train_batch_end(self, batch, logs=None):
self.batch_losses. append(logs['loss'])
self.batch_acc.append(logs[ 'acc'])
self.model.reset_metrics()

rVeof i
° steps_per_epoch = np.ceil(image_data.samples/image_data.batch_size)

batch_stats_callback = CollectBatchStats()

history = model.fit(image_data, epochs=2,
steps_per_epoch=steps_per_epoch,
callbacks = [batch_stats_callback])

WARNING: Logging before flag parsing goes to stderr

We726 11:21:30.181313 139725930243968 deprecation.py:323] From /usr/local/lib/python3.6/dist-packages/tensorflow/p
Instructions for updating:

Use tf.where in 2.0, which has the same broadcast rule as np.where

Epoch 1/2
115/115 [
Epoch 2/2
15/115 [==

- 165 137ms/step - loss: @.6622 - acc: 0.9062

- 165 135ms/step - loss: @.3302 - acc: 0.9375

R
NPTEL
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To visualize the training progress we use a custom call back to log the loss and the
accuracy of each batch individually instead of epoch average. We also compute steps per
epoch and define a CollectBatchStats() callback. We use the callback in the fit and the
steps per epoch computed over here. You can see that after two steps we reached an

accuracy close to 94%.

(Refer Slide Time: 09:55)

M Int aile X | 7 TensorFiow Hub with Keras | Te: X hub_with kerasipynb x + = B

€ . colabesearch google.com; ax @
= »

+ Code + Text # Copy to Drive mﬁ [ v / Ediing v

pit.ylabel("Loss")

> [ ] Plt.xlabel("Training Steps")
plt.ylin([0,2])
plt.plot(batch_stats_callback.batch_losses)

[27] plt.figure()
plt.ylabel("Accuracy")
plt.xlabel("Training Steps")
plt.ylin([e,1])
plt.plot(batch_stats_callback.batch_acc)

[<matplotlib.lines.Line2D at @x7f1218a6cc88>]

L e
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If you look at the training accuracy by the steps, we can see that it is increasing as we
progress further in the training. Let us get the prediction for the image batch and plot the

results.

(Refer Slide Time: 10:16)
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color = “green” 1t predicted_1d[n] == label_1d|n] else “red
> [31]  plt.title(predicted label batch[n].title(), color=color)
plt.axis('off')
_ = plt.suptitle("Model predictions (green: correct, red: incorrect)")

Model predictions (green: correct, red: incorrect)

If the model prediction is correct we use the green color and we use and we use red color

if the predictions are incorrect. Now, you can see that most of the predictions are correct.
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32 File "/usr/local/lib/python3.6/dist-packages/tensorflow/python/training/tracking/object_identity.py", line 76, i
> (32) return self._storage[self._wrap_key(key)]
KeyError: (ctensorflow.python.training.tracking.object_identity. ObjectIdentityhirapper object at @x7f11fed02828>,)
WO726 11:22:25.451156 139725930243968 meta_graph.py:450] Issue encountered when serializing variables.
Type is unsupported, or the types of the items don't match field type in CollectionDef. Note this is a warning and
'list' object has no attribute 'name’
' /tmp/saved_models/1564140123"
Now confirm that we can reload it, and it still gives the same results:
[33] reloaded = tf.keras.experimental.load_from_saved_model(export_path, custom_objects={'KerasLayer':hub.KerasLayer})
[34] result_batch = model.predict(image_batch)
reloaded_result_batch = reloaded.predict (image_batch)
PNV B R
° abs(reloaded_result_batch - result_batch).max()
0.0
5,
40
Tﬁg ved model can loaded for inference later, or converted to TFLite or TFjs.
X7, s
NPTEL
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Now, that the model is trained you can export it as a saved model so that we can use it
for deployment on some other device or we can also reload it for the future use. After
saving the model we reload it and we check whether the results of the reloaded model

and the earlier model matches that we do by taking the difference between the results.

So, in this session we looked at tf.hub and understood how to use the models saved in

tf.hub for transfer learning on CNS.



