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Abstract
Data dependencies between instructions have traditionally limited 
the ability of processors to execute instructions in parallel.  Data 
value predictors are used to overcome these dependencies by 
guessing the outcomes of instruction in a program. Because 
mispredictions can result in a significant performance decrease, 
most data value predictors include a confidence estimator that 
indicates whether a prediction should be used or not.
Much research has been done recently in the area of data value 
prediction as a means of overcoming these data dependencies 
[7-11, 17-18, 20-21]. The goal of data value prediction is to guess 
the outcome of an instruction before the instruction is actually 
executed, allowing future instructions that depend on its outcome 
to be executed sooner. 
This paper presents a global approach to confidence estimation 
in which the prediction accuracy of previous instructions is used 
to estimate the confidence of the current prediction. Data value 
prediction is done using data value predictors. Support Vector 
Machines are used to identify which past instructions affect the 
accuracy  of a prediction and to decide based on their results 
whether the prediction is likely to be correct or not .
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I. Introduction
Much research has been done recently in the area of data value 
prediction as a means of overcoming these data dependencies 
[7-11, 17-18, 20-21]. The goal of data value prediction is to guess 
the outcome of an instruction before the instruction is actually 
executed, allowing future instructions that depend on its outcome 
to be executed sooner. Data value predictors are usually designed 
to look for patterns among the data produced in repeated iterations 
of static instructions. Accurate prediction can be attained when 
the repeated outcomes of a particular instruction follow easily 
discernable patterns.
Much research has been done in the area of data value prediction 
as a means of overcoming data dependencies. The goal of data 
value prediction is to guess the outcome of an instruction before the 
instruction is actually executed, allowing future instructions that 
depend on its outcome to be executed sooner. Data value predictors 
are usually designed to look for patterns among the data produced 
in repeated iterations of static instructions. Accurate prediction can 
be attained when the repeated outcomes of a particular instruction 
follow easily discernable patterns. Accuracy is a major problem 
with data value prediction. Even in the most advanced data 
predictors, as many as 30% to 60% of the predictions are incorrect 
[17]. If an instruction is mispredicted and the incorrect prediction 
is used to execute subsequent data dependent instructions, all 
of those dependent instructions must be executed again. For 
such instructions, it is typically better not to predict at all than to 
mispredict. For this reason, most data value predictors include a 
confidence estimator, which determines whether a prediction for 
a particular instruction is likely to be correct or not [13]. If the 
estimator has high confidence in a prediction, the predicted value 
is used by dependent instructions. Otherwise, the prediction is 
ignored and dependent instructions wait for the current instruction 

to be executed.
A typical confidence estimator approach tries to determine the 
accuracy of a prediction (an instruction’s predictability) by looking 
at whether the last several predictions for that instruction were 
correct. If they were all correct, intuitively the next prediction 
should also be correct. But if the instruction was recently predicted 
incorrectly, then the new prediction is not trusted. This localized 
approach does not consider the effect that other surrounding 
instructions may have on the instruction being predicted. 
Correlations often exist between the predictability of different 
instructions, especially if one instruction is a source of data for 
another [17]. Hence, one instruction’s prediction outcome may 
be correct only if a certain prior instruction’s prediction outcome 
was correct.
However, in order to make use of other instructions’ prediction 
accuracies, one must determine which surrounding instructions 
affect the current instruction. We base our estimator on the svm, a 
simple form of neural network. Earlier, perceptrons were used for 
prediction. But here, a svm is assigned to each instruction whose 
outcome needs to be predicted. Each svm identifies which past 
instructions tend to affect the instruction’s prediction confidence. 
It then uses the prediction accuracies of those past instructions to 
determine a confidence value for the current prediction.

II. Problem Statement
This paper presents a global approach to confidence estimation in 
which the prediction accuracy of previous instructions is used to 
estimate the confidence of the current prediction.  Support Vector 
Machines are used to identify which past instructions affect the 
accuracy  of a prediction and to decide based on their results 
whether the prediction is likely to be correct or not .

III. Early Work on Value Prediction
Lipasti, Wilkerson, and Shen introduced the earliest confidence 
estimator used in data value prediction in [4]. It is comprised of 
a 2-bit saturating up-down counter that chooses between three 
prediction states: 0 or 1 = “don’t predict”, 2 = “predict” and 3= 
“constant” (highly predictable). If a given instruction makes a 
correct prediction, the counter is incremented; otherwise, it is 
decremented. Regardless of whether the instruction predicts 
correctly or mispredicts, the counter is not allowed to exceed 3 
or go under 0. This approach is used in many other proposed data 
value predictors [8, 12, and 13].

IV. Perceptrons
The use of the perceptron as a predictor was first suggested by 
Vintan et al [14]. The perceptron is one of the simplest models of 
a neuron and was developed by Rosenblatt [1] to help study brain 
function. The simplest perceptron is a neuron that connects several 
weighted inputs to a single output. Classically, the output y of the 
perceptron is the dot product of the weights ),,( 1 nwww =  and 
the inputs ),,( 1 nxxx = , with the bias input b, which can be 
thought of as a weight ow  with constant input 10 =x .

    (1)
The output y is used to classify a new pattern x. The perceptrons 
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performance in classifying is improved by incrementally adjusting 
its weights during training using the perceptron learning algorithm 
(Fig. 1(a).

           (a)

           (b)
Fig. 1: The Update Algorithm for the Perceptron (a) and  SVM (b). 
θ is learning threshold parameter. t ϵ {±1} is the true classification 
of the vector x. The sign of y is the classification hypothesis 
for x, given by Equations 1 and 4 for the perceptron and SVM 
respectively.

A. How Perceptrons are Used in Value Prediction
M. Black[22], in his M.S. thesis, “Perceptron-based Global 
Confidence Estimation for Value Prediction” showed important 
work in value prediction using perceptrons. 
There are several reasons why to apply perceptrons to value 
prediction.
First, perceptrons can capture global value correlations that a 
table-based predictor cannot capture, allowing potentially greater 
prediction accuracy. 
Second, value prediction has several characteristics in common 
with branch prediction that make a similar perceptron approach 
promising: prediction times must be low latency, predictions are 
made by instruction requiring a per-address framework, some 
past values correlate while others do not, and so on. Third, value 
prediction requires the learning of correlations between whole 
data values, instead of correlations between individual binary 
decisions. The perceptron model used in branch prediction 
consequently cannot be directly applied to value prediction. 
Thus a novel approach is required, giving further insights into 
the perceptron.
He presented four basic perceptron approaches to value prediction 
.The first approach is a local approach that makes a prediction using 
information solely from previous instances of the instruction under 
prediction. This approach directly replaces the previous table-
based approaches. The second approach uses global information 
to predict a local value; it can only predict a value previously seen 
locally, but it uses information from other instructions to choose 
that value. The third approach uses both global information and 
global past values to make a prediction. The fourth approach is a 
bitwise prediction approach that does not explicitly predict a past 
data value. Instead it tries to detect correlations between individual 
bits of past data values to potentially predict new data values.
The local table-based context-based predictor [8] is generally 
considered one of the best practical value predictors. He proposed 
two perceptron-based local value predictors that are based on the 
table-based predictor. The first, which replaces the counters in the 
pattern table with perceptrons, has a 1.4% to 2.8% lower accuracy 

than the table-based predictor. The second, which eliminates the 
second-level pattern table, and uses the local value history to 
train, is capable of considering significantly longer local histories 
than the table-based predictor. It performs with 2.4 to 5.6% better 
accuracy, and 0.5 to 1.2% higher instructions-per-cycle.
He proposed a perceptron-based predictor that uses the past global 
value history to choose a past local value. He used three different 
perceptron topologies to learn multiple-bit value correlations: 
a disjoint topology that considers correlations only between 
corresponding bits of the different inputs, a fully-coupled topology 
that considers correlations between all bits of the different inputs, 
and a weight-per-value topology that considers correlations 
between past values for each input. The global-local predictor 
using disjoint perceptron achieves an average accuracy increase 
of 3.12% and an average relative performance increase of 1.59%, 
with a storage requirement of 1.18MB. With a weight-per-value 
perceptron it achieves an accuracy increase of 10.67% and 
aperformance increase of 4.36%, but with a prohibitive storage 
of 21.5MB. These are compared to the table-based predictor with a 
history size of 4 and a history size of 8; the first consumes 69.9kB 
of storage and the second 33.7 MB of storage, however, they both 
perform within 0.26% of each other. He proposed a perceptron-
based predictor that uses the past global value history to choose 
a value from a global value cache. When implemented using a 
disjoint perceptron topology, it achieves an average accuracy 
increase of 7.56% and a performance increase of 6.69%, with a 
storage of 1.31 MB.
He finally proposed a bitwise perceptron-predictor that does not 
save past values, but instead learns correlations between individual 
bits of each past value and the target values. This perceptron 
achieves an accuracy increase of 12.67% and a performance 
increase of 5.28%, while requiring a storage of 4.19MB.
Training-by-error is used as a training strategy for each predictor. 
Both training strategies are evaluated on the global-local predictor; 
training-by-correlation performs with 4.82% lower accuracy than 
training-by-error. This is due to the low percentage of correlated 
inputs in global value prediction. Exponential weight growth is 
also considered on the global-local predictor, but it results in an 
accuracy decrease of 4.51%. He used perceptrons to improve the 
accuracy of data value prediction. Value prediction was proposed 
nearly ten years ago as a way of speculatively removing data 
dependencies in superscalar processors. 
A value predictor allows instructions that are dependent on the result 
of a long latency instruction to execute by guessing the outcome of 
that instruction and feeding that guess to dependent instructions. 
These dependent instructions can then execute simultaneously 
with their parent. The guess is, of course, verified when the 
parent instruction finishes execution. If the guess is correct, the 
dependent instructions are permitted to commit; otherwise, they 
must be executed again. Accurate value prediction may be counter-
intuitive, considering the quantity of different possible values that 
could be produced. However, prediction is possible because data 
values used by programs often follow easily discernable patterns. 
Prior research has demonstrated the existence of value locality, 
or the reuse of data values in a program. In general, a given 
section of a typical program has a small quantity of data values 
that it reuses over and over again [5]. Value predictors focus on 
observing patterns in this value reuse to guess the data value that 
will be produced by a given instruction.
The original work in value prediction was focused solely on 
predicting the results of load instructions, particularly those that 
are undergoing a cache miss [4]. With memory latencies ever 
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increasing, load value predictors remain attractive. Subsequent 
work extended the research to predicting the results of any long 
latency instruction, such as floating point arithmetic, multiplication, 
and division, which can be valuable for computation-intensive 
programs [5]. While data value prediction has attracted a fair 
amount of research, it has yet to be widely implemented in actual 
processors. There are two reasons that are most likely to be 
responsible for this. The first is that value predictors that have been 
proposed so far that are feasible to implement typically have fairly 
poor accuracy rates, ranging broadly from 30 to 80%, depending 
on the benchmark and processor characteristics. The second reason 
is that it is difficult to re-execute dependent instructions without 
high performance penalties. A highly accurate value predictor 
might be able to withstand high misprediction cycle penalties, 
while a good misprediction recovery method might be able to 
allow a low accuracy value predictor to produce performance 
gains. However, the combination of these two problems presently 
hinders the actual construction of value predictors.
Previously proposed value prediction strategies have typically 
captured only a part of the existing value locality. Traditional table-
based predictors have difficulty observing value patterns stretching 
globally between instructions, without becoming too massive to 
be implementable. Alternative value prediction strategies have 
already shown themselves to have higher prediction accuracy 
rates than the table-based approaches. However, in many cases 
these strategies are either themselves impractical, or capture only 
part of the global value locality.
His first area of future work is applying the studies to the already 
existing fields of   perceptron-based branch prediction, perceptron-
based branch confidence estimation, and perceptron-based 
confidence estimation for value prediction.
As, According to Daniel A. Jiménez, Composite confidence 
estimators are able to achieve high degrees of accuracy even when 
misprediction rates are low [20].
So, Michael Black and Manoj Franklin, in their paper named 
“Perceptron-based Confidence Estimation for Value Prediction” 
[24, 26], presented a perceptron-based confidence estimator for 
data value prediction that makes use of correlations between 
the predictability of different instructions. Perceptrons are used 
to identify for each instruction which other instructions affect 
its prediction confidence. The confidence estimator uses this 
information to raise the accuracy of value prediction. Simulation 
results show that the perceptron confidence estimator generally 
offers significant improvement over the conventional up-down 
counter confidence estimator.
Stride and Last-Value predictors using a Neural-256 confidence 
estimator can predict 7.8% and 9.1% more instructions, 
respectively, with a 2.8% and 5.5% accuracy increase on the 
average than with a 2-bit up-down counter estimator. The Context 
predictor using the Neural-256 confidence estimator predicts 5.7% 
more instructions than with the Counter-4 up-down counter but 
suffers a 2.1% decrease in accuracy.
To uncover predictability dependencies, he used a perceptron 
based confidence estimator. A perceptron is a simple neural 
network consisting of an adder, a threshold function, and a set of 
weights implemented by saturating signed integer counters. The 
perceptron uses these components to guess an output based on a 
series of inputs.
Given a set of input bits, it computes the dot product of the inputs 
and the weights, and compares the result to a threshold value, 
typically 0 (an extra weight is hardwired to an input of 1 to provide 
a bias). If the result is greater than 0, the perceptron returns “True”; 

otherwise it returns “False.”
The perceptron determines the values of its weights by learning. 
When a correct value is found, the perceptron is “trained.” That is, 
an error value is computed by the difference between the training 
value and the perceptron output. This error value is multiplied by 
each input bit and is added to the corresponding weight. In this 
way, each weight is adjusted so that the desired output is realized 
from the particular input combination. When applied to confidence 
estimation, each weight value determines the relationship between 
a particular past instruction and the current instruction. If a weight 
value is positive and large, the past instruction’s predictability tends 
to have a direct effect on the current instruction’s predictability 
[17]. That is to say, the current instruction’s data predictor tends 
to predict correctly only when the past instruction’s data predictor 
predicted correctly. If the weight value is negative and large, 
the past instruction’s predictability effect is inverse: the current 
instruction’s data predictor tends to predict correctly only when 
the past instruction mispredicted. If the weight value’s magnitude 
is small, the past instruction has been found to have little effect 
on the current instruction.

B. Confidence Estimator Organization
The prediction system works as follows: The instruction address 
is used to select a table entry. This table entry consists of a value 
predictor, which predicts a value, and a perceptron. The perceptron 
takes the GPH as its input and uses its weights to determine 
whether its output is “predict” or “don’t predict”. If the output 
is “predict”, the value predictor outcome is used as a prediction; 
otherwise the prediction is not used. Regardless of the perceptron 
outcome, when the actual result of the instruction is known, it is 
compared against the prediction.

Fig. 2: Block Diagram of the Prediction Architecture

If they match, a 1 (predicted correctly) is shifted into the GPH 
at the instruction’s completion stage. Otherwise, a 0 (predicted 
incorrectly) is shifted into the GPH. The difference between the 
actual result and the prediction is then used to adjust the perceptron 
weights and train the perceptron.

V. Why Support Vector Machines?

A. Linear Separability
A limitation of perceptrons is that they are only capable of learning 
linearly separable functions. Minsky and Papert [2] show that 
perceptrons cannot learn linearly-inseparable functions, like 
XOR, with 100% accuracy.  Minsky’s work originally claimed 
that this was the case for all neural networks, but it was later 
discovered that linearly inseparable functions can be learned in 
larger neural networks using hidden layers and more advanced 
training mechanisms. However, this is still a handicap for the 
simple single layered perceptron. Linear separability is classically 
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pictured geometrically in an n-dimensional space, where n is the 
number of inputs. All the possible outputs are placed in the space. 
If the space can be divided by a plane so that all positive outputs 
are on one side of the plane and all negative outputs are on the 
other side, the function is linearly separable [3].
If no plane can be drawn, the function cannot be learned by a 
perceptron. 
Imagine the set of all possible inputs to a perceptron as an n 
-dimensional space. The solution to the Equation

is a hyperplane (e.g. a line, if n=2) dividing the space into the set 
of inputs for which the perceptron will respond false and the set 
for which the perceptron will respond true [8]. A Boolean function 
over variables  is linearly separable if and only if there exist 
values for such that all of the true instances can be separated 
from all of the false instances by that hyperplane. Since the output 
of a perceptron is decided by the above equation, only linearly 
separable functions can be learned perfectly by perceptrons. 

Fig. 3:

For instance, a perceptron can learn the logical AND of two inputs, 
but not the exclusive-OR, since there is no line separating true 
instances of the exclusive-OR function from false ones on the 
Boolean plane.

B. Linear Inseparability
Linear inseparability arises if a correct prediction on a past 
instruction causes the current instruction to predict correctly 
sometimes and incorrectly at other times. Because a correct 
prediction on a past instruction rarely causes the current instruction 
to predict incorrectly [24]. But sometimes this can happen.
In a perceptron, the effect of an input on the output is determined 
by its weight. As stated before, a positive weight means that the 
output varies directly with the input, while a negative weight 
causes the output to vary inversely with the input. Based on its 
weight, a 1 at a particular input can make the total output more 
positive or more negative. However, a 1 at a particular input cannot 
make the total output more positive sometimes and more negative 
at other times. Functions tend not to be linearly separable if one 
input’s effect on the output relies on another input’s effect which 
can happen in value prediction. And as support vector machines 
belong to a family of generalized linear classifiers and can be 
interpreted as an extension of the perceptron, They are both linear 
and non-linear classifiers.
Thus here I used SVM’s for generating confidence value for 
prediction.

VI. Introduction to Support Vector Machines
Support Vector Machines (SVMs) [15-16] are a type of kernel 
machine, one of a family of learning algorithms. The general 
concept behind SVMs is that the original input  is mapped 
onto a higher dimensional feature space H by a (potentially non-
linear) function (·):  The SVM learning algorithm is a 
linear classifier that discriminates between the samples of (x) 
in the new feature space H. Similar to Equation 1, SVMs classify 
a new pattern x using the output y given by

 (2)                                                                    
Ker(·) is a kernel function, a function that returns the dot product 
of the image of the two inputs in the higher dimensional feature 
space. The existence of a kernel function means each input vector 
x does not need to be mapped to (x). In fact, given a kernel 
function, we do not even need to know (·). This means we can 
exploit the features of the higher dimensional space H without 
calculating there; the dot product in H can be computed in X. 
There are many choices for kernels and, so far, no simple way of 
choosing the optimal kernel for any particular problem instance. 
The weights w are related to the previously seen m training vectors 
in the set  by the following

                                            ( 3 )  
By adjusting the values for , the SVM training algorithm discovers 
a hyperplane in H that discriminates between the two categories 
of training data. However, there may be many discriminating 
hyperplanes in H. The SVM learning algorithm chooses the 
one with the maximum margin around it (the maximum-margin 
hyperplane).
Intuitively, this prevents over fitting and creates a robust 
discriminator that will generalize well to new patterns. As 
it turns out, not every training vector contributes to Equation 
3: only those training vectors which are on the margin of the 
discriminating hyperplane are significant [19]. These are called 
the support vectors. As these are discovered, they populate a set 
of support vectors SV = . Combining this notion 
with Equations 2 and 3 yields

   (4)
The SVM update algorithm that finds the maximum-margin 
hyperplane (Fig. 1(b) and the SV selection algorithm can be 
implemented in several ways: via gradient ascent, by solving 
a quadratic optimization problem, by doing sequential minimal 
optimization, through chunking and decomposition, by doing 
heuristic selection,

A. How SVM’s are Used in Branch Prediction
Culpepper and Gondree suggested Dynamic branch prediction 
using SVM’s as follows [27];
SVMs can be used to learn correlations between the behavior T = 
{±1} = {“not taken”, “taken”} of the current branch and the global 
history of previous branch behavior . In this section, we 
give some intuition of how the predictor can be implemented in 
hardware and some rough storage costs for the predictor ignoring 
issues such as the time of calculation and the time to access values 
from cache.
They used a global pattern history register of h bimodal values 
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to store x, the behavior of the last h branches. In other words,
This vector, called PHT, can be represented as a 

register of h Boolean values.
Their predictor uses n SVMs, similar to how Jim´enez et al employ 
a table of perceptrons [20]. Under this model, each SVM only needs 
to learn a small category of branches, effectively splitting the work 
of classifying all branches in the program between several SVMs. 
The ith SVM, which we informally call SVM[i], is distributed 
between two tables in hardware: the weight table and the 
table of support vectors  For each SVM, we
set a strict maximum of m on the number of support vectors that 
can be collected during incremental training.
When a branch is encountered:
1. The branch address is hashed to index i, to access SVM[i].
2. SVM[i]’s weights, SVM_[i], are fetched into an (m+1)-
dimensional vector register of floating point weights, 
. In parallel, SVM[i]’s m support vectors are fetched from 
into m h-dimensional bimodal vectors …….
3. The dot products = Ker(PHT, ) for {1 . . .m} are calculated 
in parallel. There are many simple kernels available for which this 
is a fast computation. 
4. The floating point multiplications for {1 . . .m} are 
calculated in parallel. 
5. The results of the multiplications and the bias, 

are summed. This sum of m+ 1 values may be done quickly with 
a Wallace-tree of carry-save adders .
6. The final prediction is the sign of y. The predictor stores the 
value of i, for later training of SVM[i].
7. When the true behavior t of the branch is known, shift the values 
in PHT, add t, and train SVM[i].
There are many training and selection techniques, each of which 
would incur a different computational cost but would not, in 
general, increase the hardware complexity of the predictor.
The global pattern history table PHT is of size h. To store the n 
SVMs described above requires a  table of size bn(m + 1) 
and a  table of size nmh, where b is the weight’s floating 
point precision inbits. Combined, the basic hardware cost of the 
predictor is bn + bnm + nmh + h. 

B. Experimental Results: By Taking, the Convention 
Below, the Experimental Results Obtained Using SVM’s 
in Branch Prediction are
h- The size of the global pattern history table PHT
n- The number of SVMs used
m- The maximum number of support vectors each SVM may 
accumulate
Hash (·) -The hash function used to map each branch address to 
one of the n SVMs
Ker (u, v) -The kernel function

The algorithm to train each SVM, a function 
of the learning error 
They chose to experiment with the radial basis kernel function, 

(·). As a naive first hash function, we chose Hash (PC) 
= PC/4 mod n. (divide by 4 because each branch address is word-
aligned.)
Figure 3 summarizes some simulation parameter values that were 
simulated: for gshare, n and h are related by n = ; for the Fast 
Path-Based Neural (FPBN) predictor, h was tuned using Newton’s 
method; and for SVM, n and h optimizing was begun using 
Newton’s but report on intermediate values (before convergence) 
for now.

Fig. 3: A Breakdown of the Hardware Budgets for Each Simulation 
of Gshare, Tuned Fast Path-Based Perceptron, and Untuned SVM 
Predictors. Above, h is the Length of the PHT and n is the Number 
of Saturating Counters, Perceptrons, or SVMs Respectively. For 
the SVM Predictor, m is the Number of Support Vectors.

Fig. 4 shows the misprediction rates of each simulated predictor 
for each hardware budget. We find that at much larger hardware 
budgets than have been previously considered in the literature, 
the SVM predictor can yield improved accuracy over the current 
state-of-the-art predictors SVM predictor was 7% more accurate 
than gshare and 16% more accurate than FPBN at 1 MB, and 16% 
more accurate than gshare and 24% more accurate than FPBN 
at 10 MB.

Fig. 4: Hardware Budget Versus Average Misprediction Rate Over 
the SPEC95 Benchmark 099.go.

In their future work, they quoted that, beyond branch prediction, 
there may be useful application of SVMs to the problems of value 
prediction (to enable speculation on register values), next trace 
prediction (for fetching traces from a trace cache), and as the basis 
for a cache replacement policy (to reduce miss rate by adapting 
dynamically to the program’s cache accesses).
 Asis Kumar Tripathy and Pradipta Mishra [28] used a similar 
algorithm for branch prediction using SVM’s.

Fig. 3: The Perceptron Branch Prediction Mechanism
 
The prediction is the sign of the dot product of the branch history 
and the SVM weights. The taken branches (T) in the branch 
history are represented as 1’s, and not taken branches (NT) are 
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represented as >=1’s. The bias weight represents the bias of the 
branch independent of branch history, so its input bit is hardwired 
to 1. Positive weights represent positive correlation, and negative 
weights represent negative correlation. To make a prediction, each 
weight contributes in proportion to its magnitude in the following 
manner. If its corresponding branch was taken, we add the weight; 
otherwise we subtract the weight. If the resulting sum is positive, 
we predict taken; otherwise we predict not taken. To make this 
solution work, the branch history uses 1 to represent taken and >=1 
to represent not taken. The perceptrons are trained by an algorithm 
that increments a weight when the branch outcome agrees with the 
weight’s correlation and decrements the weight otherwise.

VII. Comparison Between Perceptron and SVM
Today, support vector machines and along with other learning 
based-kernel algorithms show better results than artificial neural 
networks and other intelligent or statistical models, on the most 
popular benchmark problems [23]. 
A. Zanaty [29], introduced a new kernel function for improving the 
accuracy of the Support Vector Machines (SVMs) classification 
for both linear and non-linear data sets. The proposed kernel 
function is stated in general form and is called Gaussian Radial 
Basis Polynomials Function (GRPF) that combines both Gaussian 
Radial Basis Function (RBF) and Polynomial (POLY) kernels.
A comparative analysis of SVMs versus the Multilayer Perception 
(MLP) for data classifications is also presented to verify the 
effectiveness of the proposed kernel function.

Table 3: The Mean Accuracy SVMs and MLP Accuracy

Table 3 shows the comparison between the SVMs and MLPs 
classifiers, it is clear that the SVMs with the kernel (GRPF) 
achieve higher accuracy than MLP classifier and other kernels.

Fig. 5: The Relation Between Mean Accuracy of SVMs Kernel 
and MLP
        
His proposed GRPF kernel has achieved the best accuracy. So, 
from the results it is clear that whatever kernel function we use, 
except POLY, SVM’s work better than any other artificial neural 
network.

VIII. Conclusion
Based on the previous work, it will be safe to assume that SVM’s 
work better than perceptrons. In case of branch prediction  and 
confidence estimation, both produce same two classes, i.e. “taken” 
, “not  taken” or “predict” , “don’t predict”. So, I propose a SVM 
based confidence estimator that estimates the confidence value 

for prediction, where prediction will be done by data value 
predictors. Support Vector Machines are used to identify which 
past instructions affect the accuracy  of a prediction and to decide 
based on their results whether the prediction is likely to be correct 
or not . The confidence estimator raises the accuracy of value 
prediction.
In my future work I would like to use perceptrons for value 
prediction and use a confidence estimator using SVM’s along 
with it to gain more Accuracy.

References
[1] F. Rosenblatt,"Principles of Neurodynamics: Perceptrons 

and the Theory of Brain Mechanisms", Spartan, 1962.
[2] M.L. Minsky, S.A. Papert, Perceptrons, MIT Press, 1969.
[3] S. Russell, P. Norvig,“Artificial Intelligence: A Modern 

Approach”, Prentice-Hall, Inc., Upper Saddle River, NJ, 
1995, pp. 563-593.

[4] M. H. Lipasti, C. B. Wilderson, J. P. Shen,“Value locality 
and load value prediction”, In Proceedings of the 7th 
ACM International Conference on Architectural Support 
for Programming Languages and Operating Systems 
(ASPLOSVII), October 1996.

[5] M. H. Lipasti, J. P. Shen,“Exceeding the Dataflow Limit via 
Value Prediction”, Proceedings of the 29th Annual ACM/
IEEE International Symposium on Microarchitecture, Dec., 
1996.

[6] K. Wang, M. Franklin,“Highly Accurate Data Value 
Prediction using Hybrid Predictors”, Proc 30th Intl Symp 
on Microarchitecture, Dec. 1997.

[7] F. Gabbay, A. Mendelson,“Can Program Profiling support 
Value Prediction?”, Proc 30th Intl Symp on Microarchitecture, 
Dec. 1997.

[8] K. Wang, M. Franklin,“Highly Accurate Data Value 
Prediction using Hybrid Predictors”, Proc 30th Intl Symp 
on Microarchitecture, Dec. 1997.

[9] Y. Sazeides, J. E. Smith,“Implementations of Context Based 
Value Predictors”, Technical Report ECE-97-8, University 
of Wisconsin-Madison, Dec. 1997.

[10] Y. Sazeides, J. E. Smith,“The Predictability of Data Values”, 
Proc 30th Intl Symposium on Microarchitecture, Dec. 
1997.

[11] B. Calder, G. Reinman, D. Tullsen,“Selective value 
prediction”, Technical Report UCSD-CS98- 597, University 
of California, San Diego, Sep. 1998.

[12] M. Burtscher, B. G. Zorn,“Profile-Supported  Confidence 
Estimation for Load-Value Prediction”, Technical Report 
CU-CS-872-98, University of Colorado at Boulder, Oct. 
1998.

[13] M. Burtscher, B. G. Zorn,“Prediction Outcome History-based 
Confidence Estimation for Load Value Prediction”, Journal 
of Instruction Level Parallelism, May 1999.

[14] Lucian N. Vintan, Mihaela Iridon,“Towards a high 
performance neural branch predictor”, In Proceedings of 
the 1999 International Joint Conference on Neural Networks. 
July 1999, Vol. 2, pp. 868–873, IEEE Computer Society.]

[15] Bernhard Sch¨olkopf, Chris Burges, Alex Smola, Eds., 
Advances in Kernel Methods - Support Vector Learning, 
MIT Press, 1999.

[16] N. Cristianini, J. Shawe-Taylor,"An Introduction to Support 
Vector Machines", Cambridge University Press, 2000

[17] R. Thomas, M. Franklin,“Characterization of Data Value 
Unpredictability to Improve Predictability”, Proc Intl Conf 



IJCST Vol. 4, ISSue 3, July - SepT 2013

w w w . i j c s t . c o m InternatIonal Journal of Computer SCIenCe and teChnology  65

 ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

on High Performance Computing, 2001.
[18] R. Thomas, M. Franklin,“Using Dataflow Based Context 

for Accurate Value Prediction”, Proc Intl Conf on Parallel 
Architectures and Compilation Techniques, 2001

 [19] Bernhard Sch¨olkopf,“Svm and kernel methods”, December 
2001, [Online] Available: http://www.kernel-machines.org/
papers/tutorial-nips.ps.gz.

[20] D. Jimenez, C. Lin.,“Composite Confidence Estimators for 
Enhanced Speculation Control”, Technical Report TR2002-
14, Dept. of Computer Sciences, University of Texas at 
Austin, 2002.

[21] H. Zhou, J. Flanagan, T. Conte,“Detecting Global Stride 
Locality in Value Streams”, Proc Intl Symp on Computer 
Architecture, 2003.

[22] M. Black,“Perceptron-based Global Confidence Estimation 
for Value Prediction”, M.S. Thesis, Department of Electrical 
and Computer Engineering, University of Maryland, June 
2003.

[23] Meyer D, Leisch F, Hornik K.,"The support vector 
machinesunder test", Neurocomputing 2003, 55, pp. 169–
86.

[24] M. Black, M. Franklin,“Perceptron-based Confidence 
Estimation for Value Prediction”, International Conference 
on Intelligent Sensors and Information Processing, Jan. 
2004.

[25] M. Black, M. Franklin,“Applying Perceptrons to Computer 
Architecture”, Proceedings of the Second International 
Conference on Intelligent Sensors and Information 
Processing, Jan. 2005.

[26] M. Black, M. Franklin,“Neural Confidence Estimation for 
More Accurate Value Prediction”, International Conference 
on High Performance Computing, 2005.

[27] Culpepper and Gondree,“SVMs for Improved Branch 
Prediction”, ECS201A Computer Architecture, 2008.

[28] Asis Kumar Tripathy et al, International Journal of Advanced 
Research in Computer Science, 2 (1), Jan. –Feb, 2011, pp. 
310-313

[29] E.A. Zanaty,“Support Vector Machines (SVMs) versus 
Multilayer Perception (MLP) in data classification”, Egyptian 
Informatics Journal (September 2012) 13, pp. 177–183.

Snigdha M. Mohapatra received 
Her B.Tech. degree in Information  
Technology from Biju Pattnaik University 
of Technology, Rourkela, India in 2012, 
and continuing her M.Tech in Computer 
Science from Centurion University 
of Technology and Management, 
Bhubaneswar, India. Her research 
interests include Computer Architecture 
and Neural Networks. At present, She is 
engaged in completing her research work 

related to her interest areas.

Pradipta Kumar Mishra received His 
B-tech Degree in Computer science and 
Engineering from Biju Pattnaik University 
of Technology, Rourkela, India in 2005, 
and M-tech Computer Science and 
Engineering from IIIT-Bh, Bhubaneswar,  
Odisha, India in 2010. Presently he 
is working as an Asst. Professor in 
department of computer science and 
engineering in Centurion University of 
Technology and Management, Odisha, 

India.  His research interest includes Computer Architecture and 
Neural Networks, Artificial Intelligence, Computer Network, 
Database Technology, Software Engineering etc.


