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Through this report the understanding and
the use of energy consumption as well as the
understanding of DBN (Deep Belief Network). DBN is a
concept of learning and hierarchy of multiple layers and
Abstract—

variables that are both random that are referred to as
stochastic variables and another input variable that is
often a hidden. binary value called latent variables. The
structure of the DBN follows a top down structure with
each layer receiving from the previous. Through this the
understanding of how DBN’s work can be derived
through mathematical expressions using a a restricted
Boltzmann Machine. Lastly in terms of energy
consumption, Design 1 provided the least amount of
energy being outputted.
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I. INTRODUCTION
A. Project Design
The objective of the assembly code was to take a user
input sentence and find all instances of a specified word by the
user and return the number of occurrences of said word along
with the index position of the word in the sentence. In the .data
section there was the creation of the labels that would be used
in guiding the framework of the output, things such as the

statements, another beq instruction is used to check if the
current bit is the first letter of the specified word, if this is true
it proceeds to the next label. This is done until the final word of
the specified word is reached and that last conditional statement
branches to the label WF which states the the word has been
found and increments the counter holding the number of
occurrences, along with adding the current index of the word in

questions asking the user for the input sentence and word.
Along with that there was the label for the sentence that would
tell the user the information that they seek in a presentable
format.

a blank register and finally adds one to the bit counter to
continue along the sentence. If at any point through this process
the bit is not equal, then it jumps to NW which increments the
bit value.

Following the .data section is the .text which starts by
reading the string the user put for the sentence as well as the
word of interest into two different registers. Following this is
the Label Count that holds all the conditional branches, the first
thing done here is a lb instruction to get the first bit of the input
sentence. Following this is a series of beq instructions with the
first one being a conditional to branch to the end if the sentence
is done along with that is conditional statement to check if the
current bit is in a space character and if so to move the bit to the
next bit in the sentence. After running through those conditional

B. Test Cases
There were three different inputs chosen for this code. The
first input was a test input defined by the rubric to find the word
knight in a sentence, this was first used to show the desired
output was being attainted and the code was functioning
smoothly. Next a phrase was used with more than 10
occurrences of a specific word, the phrase contained the word
of interest every other word. This was done to ensure that the
branch statements were operating successfully and accurately.
Finally the last case was one of a phrase that did not contain the

desired word at all, this again was to test that the code was
functioning adequately and not returning false values.

Table II: Total Energy consumption for the assembly
program using designs provided in [1-4].

Table I: Energy consumption for a branch instruction in
the designs provided in [1-4].
Design Energy Consumption
For Each Branch Instruction
[1]
[2]
[3]
[4]

0.2 pJ
0.03e+5 pJ
6e+5 pJ
5e+5 pJ

Design Total Energy Consumption
[1] 85961.6 pJ
[2] 96860.4878 pJ
[3] 2367746.561 pJ
[4] 1987363.634 pJ
Design 2 Energy: (2*2876) + (0.03e^5*2563) + (4*1288) +
(100 *745) + (5 * 9)
Design 3 Energy: (2*2876) + (6e^5*2563) + (4*1288) +
(100 *745) + (5 * 9)
Design 4 Energy: (2*2876) + (5e^5*2563) + (4*1288) +
(100 *745) + (5 * 9)

II. DBN CIRCUIT
The Deep Belief network is a a structure of multiple layers
of variables that are random based on a probability or a hidden
variable. The inputs in the DBN are referred to as stochastic and
latent variables. The stochastic variable is that of a more
randomly determined occurrence while the latent variable is
often a hidden binary value. The structure of the DBN is
multiple layers with the top layers specifically the top 2 having
a connection between them forming a memory of sorts.
Following these layers are the lower layers that receive orders
from the top and moves down with the lowest layer containing
some sort of data. The Structure of the DBN and the layer by
layer process it goes through, allows for a high level of control
and efficiency to certain degree. In the layers due to the topdown nature, each layer is built upon based on the previous
layers variables and this will continue on until the final layer is
reached. This final layer is represented usually as the data
vector which incorporates all the variables and data passed
through each layer, however with certain measures there can be
forced variable insertions to better improve data spreads and the
efficiency of the circuit as a whole
The big understanding of DBN’s are though the variables
that are seen and the unseen. DBN’s are typically understood
more through the understanding of a restricted Boltzmann
Machine. Now this machine is a collection of connected units
that make probable and statistically decisions on whether or not
to turn on or off. This machine is typically a two layer system
with seen and unseen units composing of these layers and there
is a connection by these two layers through a symmetrical
weight, W, concept. This concept leads to the mathematical
works of the DBN’s as knowing the weight allows the use of
the summation of the weight and general distribution and derive
and understand the visible and hidden vectors over a given
distribution layer.
III. RESULTS AND DISCUSSION

*All values kept in pJ
Design 1 Energy: (2*2876) + (0.2*2563) + (4*1288) + (100
*745) + (5 * 9)

Using the instruction statistics in the MARS program, the
total energy of the ALU, Jump, Branch, Memory and other is
recorded by this feature and outputted. Using the energy value
given in this section along with the branch information in
table 1, the total energy of the code can be calculated. Each
design option has a differing branch value associated with it,
and the results can be seen in table 2. In the case of this code
the Design with the lowest energy consumption is Design 1.
This can be expected because this Design has the lowest value
for the branch instruction and in this code the branch
instruction is utilized frequently
IV.CONCLUSION
Through this paper many technical skills were developed
and or enhanced through this process. The skills were
1. Better utilization and understanding of MIPS
assembly language
2. Understanding and calculation of energy consumption
and dissipation
3. Understanding the use of DBN’s along with learning and
understanding the differences in the variable types
4. Deriving
and
understanding
DBN’s
through
mathematical concepts and with the idea of the restricted
Boltzmann Machine
5. Ability to parse through research, and express said
knowledge in written form
Lastly the design with the best energy is Design 1 with an
efficient 85961.6 pJ
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