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Abstract 

Machine Learning is an exciting area that is growing in the world of computer science. It is 
applicable to nearly everything that requires learning or decision making. One area that it is still 
being toyed around with is the area of computer architecture, specifically branch prediction. The 
main concern with Machine Learning at such a low level is the latency that is often applied to it. 
This is due to the fact that Machine Learning algorithms require a training set, in which it must 
learn to finally make a decision. Thus our project needed to find a way to apply machine learning 
techniques that wouldn’t require the time to learn while maintaining a high degree of accuracy. 
While exploring several different types of algorithms our group decided upon a Naive Bayes 
classifier which uses probabilistic measure to predict an outcome. In this paper, we will 
demonstrate how our design of a Naive Bayes Classifier and a weighted NB classifier at the 
hardware level are applied. Our hopes for this project are to get a higher accuracy than a typical 
base model predictors and require only minimal space. By maintaining a higher accuracy the 
stalls that occur with mis-prediction would decrease thus improving the execution time of a 
program. 
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INTRODUCTION 

Modern processor architectures mainly make use of the prefetching as a way to boost the 
Instruction Level Parallelism. If the prefetched values match along with the actual values which 
might be needed at the later point of time, it will reduce the latency of the processor which might 
have to deal with. Branch prediction is one such area where accurate prediction mechanisms can 
lead to a considerable boost up in the system performance. Machine Learning algorithms have 
been used widely which develops classifiers that learn the patterns within the data which groups 
them into classes. Using such algorithms for developing the structure in the data provides a way 
to address the branch prediction problem. We use the Naïve Bayes Classifier. In Machine 
learning, Naïve Bayes is a probabilistic model which predicts the membership probabilities for 
each class, such as the probability of the record belongs to the particular class. This paves a way 
for predicting whether the branch must be taken or not taken.  

MOTIVATION: 

There are various types of the branch predictors that are available for use in the processors. 
However, there are various disadvantages of these predictors that affect the systems performance. 
The storage is the main concern. The Two Bit predictor grows exponentially with the branch 
history length which in turn causes high overhead. Due to the decreasing cost of the hardware, it 
is now possible to have processors coupled with machine learning based components to enhance 
performance. AMD’s pile-driver architecture is a fine example of this. However, neural branch 
predictors have a very high computational latency. We wish to overcome the issues faced by such 
processors by using another machine learning technique, Bayesian Networks, to improve on its 
flaws. The Naive Bayes model is good because the cost of computation is extremely low. Apart 
from that the amount of hardware needed to implement such a predictor would relatively simple 
and cheap to manufacture. The predictor we have decided to go forward with has a processing 
time of 2 clock cycles, ensuring low latency costs.  

PROBLEM STATEMENT: 

Branch prediction is one of the important areas in the technology that is needed to achieve 
effective performance in modern pipelined microprocessors. Its precision will directly affect both 
the instruction throughput and the power consumption since any wrong prediction that occurs in 
the pipeline will result in the pipeline stall and also consumes more energy by refetching the 
instruction from the memory. To achieve high-precision branch prediction, many of the advance 
predictions mechanisms have been used. We use the Naive Bayes Classifier, based on the 
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machine learning approach to predict the outcome of the branches. We use the model from [1] 
for the implementation, as it said to have higher accuracies from previous models. Our aim is to 
simulate this model and its performance.  

DESIGN AND IMPLEMENTATION 

MACHINE LEARNING: 

Machine learning is field in computer science in which uses statistical analysis to systemically 
learn by improving its performance on a specific task. In our project, we are using machine 
learning to improve the branch prediction. Within Machine Learning there are four main types of 
learning, these are: Reinforcement learning, Unsupervised learning, Semi-Supervised learning 
and Supervised learning. 

Supervised learning is the learning approach we decided to use for our project due to the fact that 
it requires target variable (branch taken or not taken) and uses past data to predict it (branch 
history). The way supervised learning works is that it trains on previous data and its outputs to 
properly predict the output once it sees a particular series of inputs. In order to make sure our 
model doesn’t overfit we decided to use precision, recall, and f1-scores to ensure that our 
predictor was not biased. The reason being is that there are situation were you accuracy could be 
extremely high but all other performance metrics are low, and this could mean that your 
algorithm is not correct. For instance, if the trace file only contained not taken branches and the 
predictor only guess not predicted, it would be 100% accurate. However, when it would then see 
10 taken branches, it would most likely mis-predict each and everyone of those. Thus by adding 
these metrics we ensure that our algorithm is doing not such thing. 

NAÏVE BAYES CLASSIFIER: 

Naïve Bayes is the simplest form of the Bayesian network, which is a probabilistic model which 
mainly represents a model in which all the dependent variables are conditionally independent of 
each other. The Naïve Bayes Classifiers have been used in various domains which include the 
medical informatics to the e-mail filter, as a part of a mathematical concept in the field of the 
machine learning. A Naïve Bayes Classifier is known to perform well for predictions that involve 
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linearly inseparable variables. The Naive Bayes model is essentially a conditional probability 
model. The dependent variables are known as a vector  X= (x1, ….., xn). The probability of an 
event Y happening given these variables is given by -  

!  

But in a Naive Bayes model, we assume conditional independence, which condenses the 
equation into -  

 !  

IMPLEMENTATION: 

The Naive Bayes Classifier uses probabilities to calculate predictions and the calculations 
themselves are not exactly simple. They involve a lot of processing power which prevents us 
from achieving low latency. Hence our model has to be tweaked in order to be feasibly 
implemented in hardware. We shall go through the components required by the hardware model 
and how they relate to the Naive Bayes model.  

Branch History Vector: 

Branch History vectors are what we use as dependent variables in our model. It can be 
implemented as a shift register of given length, with each variable as a single bit, 1 representing 
a taken branch and a 0 for a non-taken one. The register is acts as a queue, with the oldest 
outcome removed and the latest branch outcome pushed in. The number of previous branch 
outcomes to be taken into consideration is flexible. We have decided to go between range of 20 
to 30 previous branch outcomes as the input vector (l-bits) and see how it affects prediction rate. 
The l-bit branch history with respect to the entire execution branch outcomes can be understood 
from the figure below. 

                              !  

     Figure 1. 

P(Y  |  X )  =  P(X |Y ) P(Y ) / P (X )

P(Y  |  X )  =  P(X ) P(Y ) / P (X )
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Conditional Probability Table: 

The next part of the design is to build up the conditional probability tables. In a normal, Naïve 
Bayes Conditional probability table (CPT) , we need to fill in the probabilities of the various 
occurrences of each attribute. However, for our model, we would modify it slightly, where 
instead of using the counts of occurrences as the values in the table, we use the 4-bit saturating 
bimodal counters for each of P(x=0,Y=1), P(x=1,Y=1),P(x=0,Y=0), P(x=1,Y=0). The basic 
structure of the CPT can be seen in figure 2. 

Initially, the Global Branch History would consist of all 0s and we use it like a queue with first in 
first out fashion to build up the table as more number of the branch results gets generated. 
Instead of the probability, we use the bimodal counters in order to reduce the fractional overhead. 
We take the most significant bits of each of these counters and add them to get the final count. 
This is then added to the posterior probability. We update the table as we go along and 
simultaneously providing the prediction of the branches in each step. Intuitively, this would 
result in a number of branches that will be predicted with low accuracy, but as this builds up, the 
accuracy should increase. 

                          !  Figure 2. 

Posterior probability: 

The Posterior probability is calculated by multiplying the prior probability and the likelihood of 
the earlier branch outcomes that is being obtained. The posterior probability calculations is also 
simplified by using a combination of look-up-table and adders, which should also increase the 
performance.  

! P(y = 0 | X) 
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! P(y = 1 | X) 

PROCESS FLOW DIAGRAM: 

We propose a Bayesian branch prediction circuit which consists of an instruction feature 
extractor and a Naïve Bayes Classifier (NBC). The main purpose of this is to replace the 
conventional branch predictors in the modern pipelined RISC microprocessors. This circuit was 
obtained from the conventional neural branch predictor where its linear circuit is replaced by the 
proposed NBC circuit. Implementing the approximate model of the Bayesian computation and its 
highly-parallel architectures, the NBC circuit will complete the branch prediction and will be 
suitable for implementing in the standard pipelined microprocessors. 

 !  

  Figure 3 

In case of the Perceptrons, it involves the calculation of the weight vector, which has to be 
updated successively in order to reach in a final perceptron equation. Since there involves a lot of 
mathematical computations in order to update this on timely basis, we propose the Naïve Bayes 
Classifier as a branch prediction mechanism which reduces the number of calculations. We have 
designed a circuit for processing the required probabilities that is needed for the prediction. And 
also the fact that the hardware costs have reduced with time, extremely high speed predictions 
can be achieved. 
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The Components of the NBC circuit are being combined in the process flow diagram, as seen in 
figure 3, in order to show how the branch predictor works. The process flow starts off with the 
Global Branch History will all zeros and a Conditional Probability Table. As newer branch 
histories are being generated the previous branch history in the GBH are being fed in to the 
Conditional probability table. After the CPT table is being updated with new values, after which 
the Posterior probabilities are being computed for Y = 1 and Y = 0. By comparing the values 
obtained in the posterior probabilities the branch prediction result is being provided. Once the 
actual branch destination is figured out, we can update the CPT table and the posterior 
probability tables.  

!  
     Figure 4. 

In this project, we consider a six stage pipeline; specifically the pipeline for LatticeMico32 was 
used as the base processor in the reference paper. After instruction fetching, the instruction is 
sent to a case specific decoder, the branch decoder, along with the instruction decoder. The 
branch decoder then feeds requests a prediction which is fed back to the processor. . Increasing 
the number of stages in the pipeline, theoretically, in turn will improve the performance of the 
predictor because there would be more stages in between the decode and the execution stages. 
We will measure the mis-prediction rate as a function of the counter size and GBH length. 

 SIMULATION: 

The simulation intends to bring out the accuracy rate of the model. The whole process comprises 
of the three stages. They are - Parsing the trace files, sending, Feeding into the simulator, and 
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finally Branch prediction. We are going to parse a trace file from which we will be getting the 
entire branch history of the program. This would be read iteratively, updating the branch history 
vector. Once this is fed onto the branch predictor, NBC circuit will predict whether the branch is 
taken or not taken. The major differences between the hardware model and the simulator can be 
seen in figure 5.  

!  

  Figure 5. 

TRACE FILE: 
The trace file used in our project was taken from https://www.cis.upenn.edu/~milom/cis501-
Fall12/traces/trace-format.html . We ran the 1k trace file and the 10M trace files in order to 
obtain our results. There are couple of other teams who are also doing a research work on branch 
prediction working on perceptron as a branch predictor. Our Project uses Naïve Bayes Classifier 
as a branch predictor. We use the same trace file to run and predict the branches and will 
compare our final results. The picture below represents an example trace that is being used in the 
project. We use the program counter and the branch column in order to predict whether the 
branch should be taken or not taken. Program counter provides the address of the instruction that 
is being executed. 
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RESULTS 

The results based of our simulation are presented below. We have used an “Always Taken” static 
branch predictor as a base model to compare our results with. We have also included our 
accuracy results based on varying values of branch vector length to see which performs the best.  

BRANCH TO BE ALWAYS TAKEN:  
In the NBC circuit initially we considered the branch to be Always Taken. Also, that we 
considered the branch history size to be 20, 25, 30. The graph was plotted with the Accuracy, 
Precision and the Recall on the X-axis and the Percentage on the Y-axis. It was seen that 
accuracy obtained for Always taken remained the same for all of the above Branch history length 
of 20, 25, 30. 

! !       
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BRANCH HISTORY OF LENGTH  20: 

!  !  
BRANCH HISTORY OF LENGTH 25: 

!  !  
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BRANCH HISTORY OF LENGTH 30: 

!  !  

COMPARISON FOR VARIOUS LENGTHS OF BRANCH HISTORY: 

!  
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CONCLUSIONS 

As for the results based off our simulation, we reached a prediction accuracy of approximately 
60%. This is not near the expected accuracy as stated in [1]. The cause of such anomalies is  
possibly due to the initialization of the CPT table, or due to issues in implementation. Our future 
goal is to improve implementation of the model so as to match expected accuracy. Once done, 
we wish this to be an example to promote the use of machine learning techniques in solving 
architectural problems.  
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