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PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

LECTURE PLAN
▸ Introduction 
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▸ Optimisers 

▸ Feeding data 

▸ Regression 

▸ Classification 

▸ Summary 

▸ Suggested Reading
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A. Bevan

PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

INTRODUCTION
▸ The aim of these slides is to bridge the gap between the 

use of the tensor flow api and the level of understanding 
required to build and train a model. 

▸ We’ve already seen some of the pieces of the problem via 
the linear regression example. 

▸ At the end of this session you will be prepared for the next 
example: Function approximation using neural networks 
(see the next deck of slides)
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A. Bevan

PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

INTRODUCTION
▸ We have seen the use of Python language constructs, plotting and NumPy arrays: 

▸ Python will be used as a framework to build and train models. 

▸ The plotting will be useful to visualise the evolution of the model optimisation 
process and the accuracy of models. 

▸ We will convert tensors of our data into NumPy arrays to feed data into our 
neural networks. 

▸ TensorFlow ops will be used to build and evaluate our models. 

▸ Mainly matrix multiplications, but other operations will be useful for computing 
loss functions (for example). 

▸ Optimisers and other functions will be used to train our models.
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A. Bevan

PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

MODEL BUILDING
▸ This example will take a single valued input and build a model to 

approximate the function that translates the input into a single valued 
output. 

▸ From this description we can see that we are constrained by the 
following: 

▸ 1 input feature 

▸ 1 output 

▸ This is a regression problem (continuous valued output required, 
rather than a classification decision). 

▸ The form of the model is not defined, and the data scientist working 
on this problem can be creative.
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A. Bevan

PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

MODEL BUILDING
▸ We can now choose the form of our model to fit these 

constraints: 

▸ This example implements a single layer perceptron.
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‣ Example_FunctionApproximator.py
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h50
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.

Function to approximate is

Function used to approximate 
this is

by = vTh, where h = wTx
<latexit sha1_base64="Hh/YPY1xEBjsb3VMo9+6WysucDY=">AAACFHicbVDJSgNBEO1xjXGLevTSGARBCTMi6EUIevEYIRskMfR0KpkmPQvdNVkY8hFe/BUvHhTx6sGbf2NnOWjig4LHe1VU1XMjKTTa9re1tLyyurae2khvbm3v7Gb29ss6jBWHEg9lqKou0yBFACUUKKEaKWC+K6Hidm/HfqUHSoswKOIwgobPOoFoC87QSM3Mab0vWuAxpEN6TXsPReqd0TrCABPa90ABHXnG6Btj0Mxk7Zw9AV0kzoxkyQyFZuar3gp57EOAXDKta44dYSNhCgWXMErXYw0R413WgZqhAfNBN5LJUyN6bJQWbYfKVIB0ov6eSJiv9dB3TafP0NPz3lj8z6vF2L5qJCKIYoSATxe1Y0kxpOOEaEso4CiHhjCuhLmVco8pxtHkmDYhOPMvL5Lyec6xc879RTZ/M4sjRQ7JETkhDrkkeXJHCqREOHkkz+SVvFlP1ov1bn1MW5es2cwB+QPr8wfUy5zH</latexit><latexit sha1_base64="Hh/YPY1xEBjsb3VMo9+6WysucDY=">AAACFHicbVDJSgNBEO1xjXGLevTSGARBCTMi6EUIevEYIRskMfR0KpkmPQvdNVkY8hFe/BUvHhTx6sGbf2NnOWjig4LHe1VU1XMjKTTa9re1tLyyurae2khvbm3v7Gb29ss6jBWHEg9lqKou0yBFACUUKKEaKWC+K6Hidm/HfqUHSoswKOIwgobPOoFoC87QSM3Mab0vWuAxpEN6TXsPReqd0TrCABPa90ABHXnG6Btj0Mxk7Zw9AV0kzoxkyQyFZuar3gp57EOAXDKta44dYSNhCgWXMErXYw0R413WgZqhAfNBN5LJUyN6bJQWbYfKVIB0ov6eSJiv9dB3TafP0NPz3lj8z6vF2L5qJCKIYoSATxe1Y0kxpOOEaEso4CiHhjCuhLmVco8pxtHkmDYhOPMvL5Lyec6xc879RTZ/M4sjRQ7JETkhDrkkeXJHCqREOHkkz+SVvFlP1ov1bn1MW5es2cwB+QPr8wfUy5zH</latexit><latexit sha1_base64="Hh/YPY1xEBjsb3VMo9+6WysucDY=">AAACFHicbVDJSgNBEO1xjXGLevTSGARBCTMi6EUIevEYIRskMfR0KpkmPQvdNVkY8hFe/BUvHhTx6sGbf2NnOWjig4LHe1VU1XMjKTTa9re1tLyyurae2khvbm3v7Gb29ss6jBWHEg9lqKou0yBFACUUKKEaKWC+K6Hidm/HfqUHSoswKOIwgobPOoFoC87QSM3Mab0vWuAxpEN6TXsPReqd0TrCABPa90ABHXnG6Btj0Mxk7Zw9AV0kzoxkyQyFZuar3gp57EOAXDKta44dYSNhCgWXMErXYw0R413WgZqhAfNBN5LJUyN6bJQWbYfKVIB0ov6eSJiv9dB3TafP0NPz3lj8z6vF2L5qJCKIYoSATxe1Y0kxpOOEaEso4CiHhjCuhLmVco8pxtHkmDYhOPMvL5Lyec6xc879RTZ/M4sjRQ7JETkhDrkkeXJHCqREOHkkz+SVvFlP1ov1bn1MW5es2cwB+QPr8wfUy5zH</latexit>

The optimisation target is to obtain 
a good approximation for some 
range of x; i.e.
by ⇡ y for x 2 [xmin, xmax]

<latexit sha1_base64="Pb8oNEvER4/nxWhNuB9blWtb1VU="></latexit><latexit sha1_base64="Pb8oNEvER4/nxWhNuB9blWtb1VU="></latexit><latexit sha1_base64="Pb8oNEvER4/nxWhNuB9blWtb1VU="></latexit>

f = f(x) = x2
<latexit sha1_base64="fu4mCyWdVfA+EmgIJBO3ahK9OPE=">AAAB9XicbVDLSgMxFL1TX7W+Rl26CRahbspMEXQjFN24rGAf0E5LJs20oZnMkGS0Zeh/uHGhiFv/xZ1/Y9rOQlsPXO7hnHvJzfFjzpR2nG8rt7a+sbmV3y7s7O7tH9iHRw0VJZLQOol4JFs+VpQzQeuaaU5bsaQ49Dlt+qPbmd98pFKxSDzoSUy9EA8ECxjB2kjdAF2joDQ+N23crfTsolN25kCrxM1IETLUevZXpx+RJKRCE46VartOrL0US80Ip9NCJ1E0xmSEB7RtqMAhVV46v3qKzozSR0EkTQmN5urvjRSHSk1C30yGWA/VsjcT//PaiQ6uvJSJONFUkMVDQcKRjtAsAtRnkhLNJ4ZgIpm5FZEhlphoE1TBhOAuf3mVNCpl1ym79xfF6k0WRx5O4BRK4MIlVOEOalAHAhKe4RXerCfrxXq3PhajOSvbOYY/sD5/AJixkJ0=</latexit><latexit sha1_base64="fu4mCyWdVfA+EmgIJBO3ahK9OPE=">AAAB9XicbVDLSgMxFL1TX7W+Rl26CRahbspMEXQjFN24rGAf0E5LJs20oZnMkGS0Zeh/uHGhiFv/xZ1/Y9rOQlsPXO7hnHvJzfFjzpR2nG8rt7a+sbmV3y7s7O7tH9iHRw0VJZLQOol4JFs+VpQzQeuaaU5bsaQ49Dlt+qPbmd98pFKxSDzoSUy9EA8ECxjB2kjdAF2joDQ+N23crfTsolN25kCrxM1IETLUevZXpx+RJKRCE46VartOrL0US80Ip9NCJ1E0xmSEB7RtqMAhVV46v3qKzozSR0EkTQmN5urvjRSHSk1C30yGWA/VsjcT//PaiQ6uvJSJONFUkMVDQcKRjtAsAtRnkhLNJ4ZgIpm5FZEhlphoE1TBhOAuf3mVNCpl1ym79xfF6k0WRx5O4BRK4MIlVOEOalAHAhKe4RXerCfrxXq3PhajOSvbOYY/sD5/AJixkJ0=</latexit><latexit sha1_base64="fu4mCyWdVfA+EmgIJBO3ahK9OPE=">AAAB9XicbVDLSgMxFL1TX7W+Rl26CRahbspMEXQjFN24rGAf0E5LJs20oZnMkGS0Zeh/uHGhiFv/xZ1/Y9rOQlsPXO7hnHvJzfFjzpR2nG8rt7a+sbmV3y7s7O7tH9iHRw0VJZLQOol4JFs+VpQzQeuaaU5bsaQ49Dlt+qPbmd98pFKxSDzoSUy9EA8ECxjB2kjdAF2joDQ+N23crfTsolN25kCrxM1IETLUevZXpx+RJKRCE46VartOrL0US80Ip9NCJ1E0xmSEB7RtqMAhVV46v3qKzozSR0EkTQmN5urvjRSHSk1C30yGWA/VsjcT//PaiQ6uvJSJONFUkMVDQcKRjtAsAtRnkhLNJ4ZgIpm5FZEhlphoE1TBhOAuf3mVNCpl1ym79xfF6k0WRx5O4BRK4MIlVOEOalAHAhKe4RXerCfrxXq3PhajOSvbOYY/sD5/AJixkJ0=</latexit>



A. Bevan

PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

MODEL BUILDING
▸ placeholders are used for the input values and true values 

(also called ground truth). These variables have the names 
x_ and y_, respectively.
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A. Bevan

PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

MODEL BUILDING
▸ The hidden layer takes an input (x_) and multiplies that by the 

weight tensor (w_layer_1) and adds a bias (bias_layer_1).   
▸ A relu activation function is used, taking the argument
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‣ Example_FunctionApproximator.py

arg = wTx+ b
<latexit sha1_base64="rHwuK0mzHYZ8ER/o/qJZFaX5jKI=">AAAB+XicbVBNS8NAEJ3Ur1q/oh69LBZBEEoigl6EohePFfoFbSyb7aZdutmE3U21hP4TLx4U8eo/8ea/cdPmoK0PBh7vzTAzz485U9pxvq3Cyura+kZxs7S1vbO7Z+8fNFWUSEIbJOKRbPtYUc4EbWimOW3HkuLQ57Tlj24zvzWmUrFI1PUkpl6IB4IFjGBtpJ5td7EcoGv0+FBHT+gM+T277FScGdAycXNShhy1nv3V7UckCanQhGOlOq4Tay/FUjPC6bTUTRSNMRnhAe0YKnBIlZfOLp+iE6P0URBJU0Kjmfp7IsWhUpPQN50h1kO16GXif14n0cGVlzIRJ5oKMl8UJBzpCGUxoD6TlGg+MQQTycytiAyxxESbsEomBHfx5WXSPK+4TsW9vyhXb/I4inAEx3AKLlxCFe6gBg0gMIZneIU3K7VerHfrY95asPKZQ/gD6/MH/LCR7A==</latexit><latexit sha1_base64="rHwuK0mzHYZ8ER/o/qJZFaX5jKI=">AAAB+XicbVBNS8NAEJ3Ur1q/oh69LBZBEEoigl6EohePFfoFbSyb7aZdutmE3U21hP4TLx4U8eo/8ea/cdPmoK0PBh7vzTAzz485U9pxvq3Cyura+kZxs7S1vbO7Z+8fNFWUSEIbJOKRbPtYUc4EbWimOW3HkuLQ57Tlj24zvzWmUrFI1PUkpl6IB4IFjGBtpJ5td7EcoGv0+FBHT+gM+T277FScGdAycXNShhy1nv3V7UckCanQhGOlOq4Tay/FUjPC6bTUTRSNMRnhAe0YKnBIlZfOLp+iE6P0URBJU0Kjmfp7IsWhUpPQN50h1kO16GXif14n0cGVlzIRJ5oKMl8UJBzpCGUxoD6TlGg+MQQTycytiAyxxESbsEomBHfx5WXSPK+4TsW9vyhXb/I4inAEx3AKLlxCFe6gBg0gMIZneIU3K7VerHfrY95asPKZQ/gD6/MH/LCR7A==</latexit><latexit sha1_base64="rHwuK0mzHYZ8ER/o/qJZFaX5jKI=">AAAB+XicbVBNS8NAEJ3Ur1q/oh69LBZBEEoigl6EohePFfoFbSyb7aZdutmE3U21hP4TLx4U8eo/8ea/cdPmoK0PBh7vzTAzz485U9pxvq3Cyura+kZxs7S1vbO7Z+8fNFWUSEIbJOKRbPtYUc4EbWimOW3HkuLQ57Tlj24zvzWmUrFI1PUkpl6IB4IFjGBtpJ5td7EcoGv0+FBHT+gM+T277FScGdAycXNShhy1nv3V7UckCanQhGOlOq4Tay/FUjPC6bTUTRSNMRnhAe0YKnBIlZfOLp+iE6P0URBJU0Kjmfp7IsWhUpPQN50h1kO16GXif14n0cGVlzIRJ5oKMl8UJBzpCGUxoD6TlGg+MQQTycytiAyxxESbsEomBHfx5WXSPK+4TsW9vyhXb/I4inAEx3AKLlxCFe6gBg0gMIZneIU3K7VerHfrY95asPKZQ/gD6/MH/LCR7A==</latexit>
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PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

MODEL BUILDING
▸ The final step is to compute the model output (ŷ) 
▸ Similarly to the hidden layer, take the outputs of the hidden 

layer nodes, and combine those with weights (output) and 
bias (bias_output) to compute ŷ = output_layer. 

▸ In this case the matrix multiplication itself is used (with a trivial 
activation function) to compute the model output.
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A. Bevan

PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

MODEL OPTIMISATION: OPTIMISERS
▸ Optimisation (as we will see later) requires a few parameters to be defined: 

▸ learning_rate:  This is a parameter that tunes the step size taken in the 
optimisation process.   
▸ Small values of the learning rate will allow the optimisation algorithm to 

converge on a good approximation to the optimal solution - but this may take a 
long time.   

▸ Large values of this parameter can allow for faster convergence to the region 
where the optimal solution lies; but there is a limit to how close one can 
converge to that solution. 

▸ Very large values of this parameter can result in failure to converge. 
▸ We will discuss a hybrid solution that has an adaptive learning rate later in the 

course (the ADAM optimiser) 
▸ training_epochs: This is simply the number of iterations in the optimisation 

process that is used.  A larger number of iterations will be required for smaller 
learning rates.
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A. Bevan

PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

MODEL OPTIMISATION: OPTIMISERS
▸ We need a figure of merit to optimise. 
▸ For the linear regression example encountered earlier we use 

the Χ2 as a figure of merit.   
▸ In Machine Learning we call  quantities like this the loss or cost 

function.  It is this that we need to minimise when we optimise 
the model parameters. 

▸ Just as with the linear regression example, we take the model 
prediction and compare that against some target data to 
determine how good the prediction is. 
▸ Unlike the linear regression example we don’t have to worry 

about the uncertainty on the target data example because 
we use known training examples (this is supervised learning).
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A. Bevan

PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

MODEL OPTIMISATION: OPTIMISERS
▸ L2(-norm) loss function is given by: 

▸ Here the sum is over training examples, of which there are N in 
total. 

▸ ti is the true target value of the ith training example. 
▸ yi is the model output prediction of for the ith training example. 

▸ Note: the ordering of the ti and yi in the parentheses is 
irrelevant as the difference is squared in this loss function.  Sign 
conventions can differ for loss functions in general.
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L2 =
NX

i=1

(ti � yi)
2

<latexit sha1_base64="R4k3fNhXhkzwJHJ7chiMFclYJkA=">AAACEHicbVC7SgNBFJ2Nrxhfq5Y2g0GMhWE3CNoEgjYWIhHMA/JYZieTZMjM7jJzVwhLPsHGX7GxUMTW0s6/cfIoNPHAhcM593LvPX4kuAbH+bZSS8srq2vp9czG5tb2jr27V9VhrCir0FCEqu4TzQQPWAU4CFaPFCPSF6zmD67Gfu2BKc3D4B6GEWtJ0gt4l1MCRvLs4xuvgIu4qWPZFFxy0F7Ci+6ofYtz4HF8ioceP2kXPDvr5J0J8CJxZySLZih79lezE9JYsgCoIFo3XCeCVkIUcCrYKNOMNYsIHZAeaxgaEMl0K5k8NMJHRungbqhMBYAn6u+JhEith9I3nZJAX897Y/E/rxFD96KV8CCKgQV0uqgbCwwhHqeDO1wxCmJoCKGKm1sx7RNFKJgMMyYEd/7lRVIt5F0n796dZUuXszjS6AAdohxy0TkqoWtURhVE0SN6Rq/ozXqyXqx362PamrJmM/voD6zPH3PJmu8=</latexit><latexit sha1_base64="R4k3fNhXhkzwJHJ7chiMFclYJkA=">AAACEHicbVC7SgNBFJ2Nrxhfq5Y2g0GMhWE3CNoEgjYWIhHMA/JYZieTZMjM7jJzVwhLPsHGX7GxUMTW0s6/cfIoNPHAhcM593LvPX4kuAbH+bZSS8srq2vp9czG5tb2jr27V9VhrCir0FCEqu4TzQQPWAU4CFaPFCPSF6zmD67Gfu2BKc3D4B6GEWtJ0gt4l1MCRvLs4xuvgIu4qWPZFFxy0F7Ci+6ofYtz4HF8ioceP2kXPDvr5J0J8CJxZySLZih79lezE9JYsgCoIFo3XCeCVkIUcCrYKNOMNYsIHZAeaxgaEMl0K5k8NMJHRungbqhMBYAn6u+JhEith9I3nZJAX897Y/E/rxFD96KV8CCKgQV0uqgbCwwhHqeDO1wxCmJoCKGKm1sx7RNFKJgMMyYEd/7lRVIt5F0n796dZUuXszjS6AAdohxy0TkqoWtURhVE0SN6Rq/ozXqyXqx362PamrJmM/voD6zPH3PJmu8=</latexit><latexit sha1_base64="R4k3fNhXhkzwJHJ7chiMFclYJkA=">AAACEHicbVC7SgNBFJ2Nrxhfq5Y2g0GMhWE3CNoEgjYWIhHMA/JYZieTZMjM7jJzVwhLPsHGX7GxUMTW0s6/cfIoNPHAhcM593LvPX4kuAbH+bZSS8srq2vp9czG5tb2jr27V9VhrCir0FCEqu4TzQQPWAU4CFaPFCPSF6zmD67Gfu2BKc3D4B6GEWtJ0gt4l1MCRvLs4xuvgIu4qWPZFFxy0F7Ci+6ofYtz4HF8ioceP2kXPDvr5J0J8CJxZySLZih79lezE9JYsgCoIFo3XCeCVkIUcCrYKNOMNYsIHZAeaxgaEMl0K5k8NMJHRungbqhMBYAn6u+JhEith9I3nZJAX897Y/E/rxFD96KV8CCKgQV0uqgbCwwhHqeDO1wxCmJoCKGKm1sx7RNFKJgMMyYEd/7lRVIt5F0n796dZUuXszjS6AAdohxy0TkqoWtURhVE0SN6Rq/ozXqyXqx362PamrJmM/voD6zPH3PJmu8=</latexit>

This is just like the X2 function, but without the 
normalisation by error on each data point.
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PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

MODEL OPTIMISATION: OPTIMISERS
▸ Supervised learning: 
▸ The use of training examples of known types allows us to 

compute the L2 loss function on an example by example basis. 

▸ This procedure is known as supervised learning, as the 
algorithm is trained to identify particular patterns from known 
training examples. 

▸ A practical hint for a classification problem is to present 
different types of training example to the optimisation 
algorithm as this generally leads to a faster convergence of the 
training.  For the example given this is not an issue as we are 
using the model to approximate the function y = x2.
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A. Bevan

PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

MODEL OPTIMISATION: OPTIMISERS
▸ We can implement the L2 loss function in several different 

ways in TensorFlow. 
▸ The least squares example uses: 

▸ The function approximator example uses:
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True label for the example data Model prediction
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PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

MODEL OPTIMISATION: OPTIMISERS
▸ With the loss defined, we can move on to consider the 

optimiser choice. 

▸ We will discuss the ADAM optimiser in a few sessions time, 
but for now we just take it on faith that the algorithm works 
and will select a good set of model parameters for us. 

▸ See https://www.tensorflow.org/api_docs/python/tf/train 
for different optimisers in the tf.train class.
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https://www.tensorflow.org/api_docs/python/tf/train
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PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

MODEL OPTIMISATION: FEEDING DATA
▸ The training is performed by evaluating the optimiser, 

using a feed_dict to provide input data (traindata) and 
corresponding true values of the function 
(target_value). 

▸ The loss function for that optimisation step can be 
computed similarly. 

▸ For large data samples training can be done by feeding 
sub-sets of the data to the optimiser for each epoch.
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PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

MODEL OPTIMISATION: REGRESSION
▸ The model output is the value that we need to evaluate for 

a regression problem.  

▸ For this example we can evaluate the model output while 
feeding data to the model. 

▸ Here the model output is assigned to a variable called 
probabilities. 

▸ The model is evaluated by feeding an x value to it:
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PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

MODEL OPTIMISATION: CLASSIFICATION
▸ Classification can be performed in one of several ways.  

▸ We can compare the model output regression value to 
some threshold in order to determine if the model prefers 
one type over another. 

▸ We will encounter this when looking at the Higgs 
Kaggle problem, where we use the tf.cast function:

�19

predictions = tf.cast(probabilities > 0.5, tf.float32)
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PRACTICAL MACHINE LEARNING: MORE TENSORFLOW

SUMMARY
▸ We have seen how to build and optimise both a 

classification and a regression model.   

▸ There is an example regression model script provided - 
we will encounter a classification problem when we 
discuss CNNs. 

▸ The example model will be used to help you explore some 
of the practicalities of machine learning.
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