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Abstract: The efficient training of a supervised machine learning system is commonly viewed as minimization of a cost function that
depends on the parameters of the proposed hypothesis. This perspective gives some advantages to the development of better training
algorithm, as the problem of minimization of a function is well known in many fields. Typically many learning system use gradient
descent to minimize the cost function but has a problem of slow convergence and exploding on choosing learning rate beyond a
threshold. We often make mistake on choosing learning rate as there is no known generic way of choosing learning rate and we need to
do it manually. In this paper a method for the adaptation of learning rate is presented and also solving the problem of slow convergence
and exploding of the algorithm. The main feature of proposed algorithm is that it speeds up the convergence rate and does not affect the
result or number of epochs requires to converge on changing the learning rate.
Keywords: Batch training, On-line training, Epoch, Learning Rate, Gradient Descent, Hypothesis, Cost Function.

1. Introduction
In the field of machine learning many a times we encounter
with the learning problem in which we have given data set to
algorithms which have “right answers” and the aim is to
develop a model such that it can fit the given set of data
according to given “right answers” and this domain is
famously known as “supervised machine learning (SML)
[1]”. In this research field Linear Regression [2], Logistic
Regression [3], Neural Networks[4], Back Propagation
Neural Networks(BPNNs)[4, 5] are the most popular models.
The efficient supervised training of these models is a subject
of considerable ongoing research and many algorithms have
been proposed to this end. In SML we have actual output
vector which are the “right answers” in the given data set and
an desired output vector(supervised learning) a common
training approach is to minimize the network learning error
which is the difference between the actual output vector and
desired output vector. The rapid computation of a set of
weights that minimize the error function is quite a difficult
task since, generally the number of input feature(input
vector) is high so as to number of weights to be computed is
also high and the error function(which is to minimize)
generates a complicated surface in weight space, possessing
many local minima and having broad flat regions adjoined to
narrow steep ones that need to be searched to locate an
“optimal” weight set.
Broadly, SML is divided into two categories: stochastic (also
called on–line) [6,7] and batch (also called off–line) [8]
learning. On-line training may be chosen either because of
the very large data set(or may be redundant) training set or
may be want to model a time-variant(slowly) system. On one
hand Batch training is fast for small training set and on the
other we have on-line which is fast on large set of data helps
escaping local minima and provides more natural way to for
learning non-stationary task [9].
Batch supervised learning is classical approach in machine
learning: a set of examples is obtained and train the model
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with these examples before exposing it to the real problem
set, on other hand in on-line learning, data gathered in
several operation of the system is continuously fed to the
model and used to adapt the learned function [10,11,12,13].
Batch training trained the model(i.e. finding the weights) by
minimizing the given set of data, so it can be viewed as the
minimization of an cost function J; that is to find
Ɵ*(set of weight parameter)=( Ɵ1*, Ɵ2*, Ɵ3*,………,Ɵn* ) Rn
such that:
Ɵ*= minJ(Ɵ)

,

Where, Ɵ is the set of weight parameter of the proposed
hypothesis. J is the cost function defined as the sum-ofsquared differences error function.
�(Ɵ) =

�

��

�
(�) �
∑�
���(ℎƟ (� ) − � ) (1)

Note that, m is the total number of training examples, hƟ(x)
is the hypothesis function, that need to be trained and y is the
output vector.
Although, it may seems that on-line training [14] is better
and modern technique for large data, but batch training is
quite faster for small set of data which is nearly acceptable to
most of the problem in machine learning, this makes it a very
important training model to study on.
In this paper we focused on the adaptation of the best fit
learning parameter of batch gradient descent.

2. Pure Gradient Descent (Fixed Learning
Rate)
Outline on working of Gradient descent [15]:
• Start with some set of Ɵ.
• Keep changing Ɵ, to reduce J(Ɵ) until we hopefully end
up at a minimum.
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Fig.1 shows a cost function J(Ɵ0, Ɵ1), with two parameters
Ɵ0, Ɵ1, our aim here is to minimize the cost function, and
this is done by updating the value of Ɵ0 and Ɵ1.There are two
main issues (i) how to update the Ɵ0, Ɵ1 and (ii) the step
length towards the minima

using peak value for learning rate, adaptation based on the
evolution of error are some of the examples. Given the
inherent efficiency of stochastic gradient descent, various
schemes have been proposed recently [14, 10, 11, 17, 18].
As, most of the research is going on online-training, in this
paper we approaches for batch gradient learning rate
adaptation and try to improve the performance of gradient
descent.
2.1 Fixed Learning Rate
Batch gradient descent usually focuses on fixed learning rate
adaptation (also known as pure gradient descent) following
strategy is mostly used: select a range based on previous
experience, say

Figure 1: Reaching Minima
For resolving first issue we use partial derivative of cost
function over Ɵ0, Ɵ1 and we use a parameter “learning
rate(α)” to decide the “steplength” the α will decide how fast
or slow the function will converge [16] to the minima.

0.01 � � � 2 (2)

This method proceed by selecting a initial value for �,
running gradient descent and observing the cost function,
and adjusting the learning rate accordingly.

We use the following algorithm for gradient descent:
. repeat until convergence {

}

Ɵ� = Ɵ� − �

�
�(Ɵ) ��� ��� � (1 … �)
�Ɵ�

Simultaneous update:
�
�(Ɵ) ��� ��� � (1 … �)
�Ɵ�
�
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.
.
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Here, α is the learning rate, �

�

���

derivative of cost function J(Ɵ0, Ɵ1).

Figure 2: Comparing different learning rate
Notice that for a small alpha like 0.01, the cost function
decreases slowly, which means slow convergence during
gradient descent. Also, notice that while alpha=1.3 is the
largest learning rate, alpha=1.0 has a faster convergence.
This shows that after a certain point, increasing the learning
rate will no longer increase the speed of convergence.
In fact, if your learning rate is too large, gradient descent will
not converge at all, and cost function might blow up like in
the following graph for alpha = 1.4

�((� ∗ ) is the partial

α decides the rate at which function will converge and partial
derivative gives us the update term through which Ɵ* is
updated.
There is enormous research work is going on to find various
methods to adapt the learning rate for on-line training
([1,3,17]), and there are other approaches also present for online training such as Conjugate gradient, Quasi-Newton,
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cost we increase the learning rate by 10% to15% to
accelerate convergence, if the previous cost is smaller than
the current cost, which indicates that previous update was too
big, so we decrease the learning rate by 50% and if the both
cost are same we will not affect the learning rate. By,
increasing learning rate we get larger step length and we
converge in less number of epoch which is very crucial.
� � 0.1� , �� �(��������) � �(�������)
� = �� − 0.5� , �� �(��������) � �(�������) (3)
� , �� �(��������) = �(�������)

Figure 3: Gradient Descent Explodes
First we select a small value for learning rate, and it takes
nearly 350 epochs to converge than on increasing the
learning rate number of epochs also decreases but, after
� = 1.4 convergence is not taking place at all and gradient
descent is exploded. So, using pure gradient descent for
converging function is not recommended as we can analyze
that its very problematic and tedious work to find a optimal
value for learning rate just by selecting a range and try to
find which suits best. In the following section we will
explore a new method to automatically find the optimal
value for learning rate.

3. Adaptive Learning Algorithm
Our main focus in learning rate algorithms is to find the set
of parameters that can fit the proposed model by converging
the cost function to a minimum value and thus applying the
parameters to new data and predict the result. We often want
to minimize our cost function in less number of epochs. As,
pure gradient descent is not practical to use we propose our
algorithm that can gain the benefit of local gain adaptation.
3.1 Description
Pure gradient descent uses a fixed learning rate for
converging the cost function, the updation step consist
derivative of cost function and learning rate as the step
length, on selecting smaller step length it will take many
epochs to converge, but we can also select a larger step
length as it will not affect the end result also it converge in
much less number of epochs, on other hand selecting larger
step length (learning rate) cost function may overshoot and
not converge at all. As, there is no mathematical way to find
the optimal learning rate that can fit a given model. During
gradient descent we could use large learning rate when we
start the algorithm but require small learning rate when we
are close to minimum value of cost function. In the proposed
algorithm we were using the previous state of system and
compare it with the current state to determine the learning
rate.
The adaptation rule work as follows: On every epoch we
update the parameters of the model and we calculate the cost
of the state, then we compare the previous cost with the
current cost, if the previous cost is larger than the current
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Through our proposed algorithm we could converge cost
function in much less epochs then it will take in pure
gradient descent, thus improving the performance of the
algorithm.
3.2 Algorithm
The following pseudo-code fragment depicts the kernel of
the proposed algorithm learning and adaptation process.
Number of epochs : e{
if(e > 1){
if (J(e-1) > J(e)){
� = � � (10 ∗ �)/100
}
else if (J(e-1) < J(e)){

� = � − (50 ∗ �)/100
}
else{
�=�

}
}
}

The core reason for the success of proposed algorithm lies in
the concept of the ‘direct adaptation’ of the cost of previous
and current system states. As, we work only on the sign of
the cost not on magnitude thus it spreads the learning in the
whole network.

4. Experimental Result
We tested our modified algorithm with pure gradient
descent. We, implemented linear regression to predict the
price of a house according to its size and number of
bedroom. We already have data for previous sales. With the
help of data we predict the price according to the size of
house and number of bedroom, for predicting price of house
we define a hypothesis:
ℎ� (�) = �0 � �1 �1 � �2 �2 (4)
and the cost function as:
�(�) =
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We, first use pure gradient descent and then our modified
algorithm, we compare both algorithm on the basis of
number of epochs required to minimize the cost function for
different learning rate. Below, table shows the comparison.
Learning
Rate(α)
0.01
0.03
0.1
0.3
1
1.3
1.4
3

Table 1: Comparing Algorithms

Number of epochs
Pure Gradient Descent
Modified Gradient
Descent
300
50
120
40
40
20
15
10
7
10
200
5
Exploding(Not Converging)
7
Exploding(Not Converging)
8

As, we have found that changing learning rate can drastically
alter the number of epoch required to minimize the cost
function in case of “Pure Gradient Descent” but it not the
case with “Modified Gradient Descent”.

5. Advantages and Limitations
5.1 Advantages
• On changing the value of learning rate, number of epochs
required to minimize the function does not change by
many.
• It speeds-up the convergence of cost function.
• After a threshold value for learning rate, pure gradient
descent will not converge at all and explode, but our
modified version will minimize the cost function.
5.2 Limitations
• Learning rate cannot be negative i.e. learning rate must be
greater than zero (α>0).
• If we take learning rate very small (close to zero), then it
will take large number of epochs but again very fast then
pure gradient descent.

6. Conclusion
I want to conclude that the modified version of gradient
descent can be used an all type of learning system and it
increases the speed of convergence thus saving the precious
time as most of the time we are unable to predict the correct
hypothesis at a single shot, but we try the same hypothesis
with different learning rate and hope for better result, but
with the modified version we can be sure of the result at
single shot that the hypothesis is correct or not and move to
different hypothesis more confidently. Thus, this algorithm
gives a more powerful tool to minimize the cost function,
predicting the weight parameter and even with different
values of learnt can be used an all type of learning system
and it increases the speed of convergence thus saving the
precious time as most of the time we are unable to predict the
correct hypothesis at a single shot, but we try the same
hypothesis with different learning rate and hope for better
result, but with the modified version we can be sure of the
result at single shot that the hypothesis is correct or not and
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move to different hypothesis more confidently. Thus, this
algorithm gives a more powerful tool to minimize the cost
function, predicting the weight parameter and even with
different values of learning rate it converges the cost
function with nearly same and less number of epochs.
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