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Abstract

The discrete cosine transform and inverse discrete cosine transform are crucial com-

ponents in many forms of image processing and multimedia. In particular, the discrete

cosine transform is an important step for lossy compression algorithms due to its ability

to commonly enable high compression ratios while retaining key information [1]. Real-time

image processing extends to all manner of devices, where high throughput, energy-efficient,

and area-efficient implementations of the discrete cosine transform are a necessity in smaller

devices. This work looks at 20 different implementations of the discrete cosine transform on

the novel fine-grain many-core architecture using the KiloCore processor array. The best-

performing implementations are considered against the NVIDIA Tesla T4 (GPU), NVIDIA

GT-720m (GPU), Altera Stratix III (FPGA), and Intel i5-4200M (CPU). All devices are

profiled and evaluated based on throughput, area, power, energy efficiency, area efficiency,

and energy-delay product.

As devices are developed in different technologies, data is looked at at each device’s

original technology and scaled to 32nm. Fine-grain many-core discrete cosine transform

implementations showcase the highest throughput per area and lowest area among devices

profiled in this work. These designs on the novel platform yield at least 8.35× and up to

5966× higher throughput per area compared to FPGA, CPU, and GPU implementations.
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Chapter 1

Introduction

1.1 Motivation

The discrete cosine transform (DCT) and inverse discrete cosine transform (IDCT)

are transformation techniques that have wide applications in many digital signal processing

workloads, particularly in image processing and other forms of digital multimedia. This is

due to the discrete cosine transform’s property of storing the most important information

(low-frequency elements) in only the first few components of a transformation, which can be

seen in Figure 1.1, where most of the information is present in the upper left corner of the

input. This serves as the backbone for several lossy compression algorithms as this allows

less important, high-frequency information to be discarded, alleviating high memory and

bandwidth requirements for uncompressed media and lossless compression.

Figure 1.1: Visualization of a 2D DCT on an 8x8 input [2]
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With the current state of technology, the only effective means of multimedia commu-

nication is to compress the data before storage or transmission [3]. This extends not only to

larger desktop computers but also smaller, handheld devices such as phones or watches where

the amount of available silicon is much smaller and energy constraints play a much larger role

in both silicon and algorithm design. While many architectural and algorithmic solutions

have been explored that yield high throughput discrete cosine transforms, implementations

found on GPUs and CPUs are wasteful in energy and area. As a result, it is necessary to

implement the discrete cosine transform to achieve high performance and maintain good

energy and area efficiency.

This thesis explores implementations of the discrete cosine transform on the novel

fine-grain many-core platform. Designs explore both single-engine and parallel architectures

that yield both energy-efficient and area-efficient discrete cosine transforms while maintaining

high throughput.

1.2 Thesis Organization

The remainder of the thesis is organized as follows:

• Chapter 2 gives background to the discrete cosine transform and discusses certain

methods for computation.

• Chapter 3 explores and defines a high-level description for a fine-grain many-core plat-

form.

• Chapter 4 discusses general methods of computing the discrete cosine transform on the

novel fine-grain many-core architecture.

• Chapter 5 showcases 20 different implementations explored of the discrete cosine trans-

form on the KiloCore fine-grain many-core processor array.

2



• Chapter 6 presents and compares results in several different metrics between KiloCore

implementations

• Chapter 7 presents the most competitive implementations from Chapter 6 and com-

pares them with other devices on the market.

• Chapter 8 gives a summary of this work and provides details on future work regarding

the discrete cosine transform.

3



Chapter 2

Background and Calculation of the Discrete Cosine

Transform

2.1 Definition of the Discrete Cosine Transform

The DCT is a mathematical transform that converts signals from a spatial domain

to a frequency domain. The opposite is true for the IDCT, which operates in the reverse

direction. They are similar to the Fourier transform functionally, but operate only on real

numbers being an expression of cosine functions. The transformation for both functions is

expressed as a series of coefficients that result from the summation of these cosine functions

that operate at different frequencies.

Both transforms are important tools often used in signal processing, and especially in

several lossy compression and decompression algorithms. The forward DCT specifically is

often used for compression, mainly in different types of media such as audio or images. This

is due to the DCT’s ability to store most of a signal’s relevant information in the first few

coefficients that it produces whereas later coefficients can be discarded as they contain less

information, making the DCT very powerful for these particular algorithms [1]. The inverse

is used in the opposite direction to reconstruct compressed data. While this work specifically

explores the IDCT, both the forward and inverse implementations are practically the same

4



mathematically; thus, results in one case generally closely apply to the other.

The DCT can be applied in multiple dimensions, but for the sake of this work, it is

targeted for use in image processing algorithms that only operate on two-dimensional data,

such as JPEG decompression. Only implementations of the 1D and 2D DCT are discussed.

2.2 Standard 1D Discrete Cosine Transform

The standard 1D IDCT, or DCT-III, for a vector of length 8 is shown in Equation

2.1 [4]. As cosine coefficients are known a priori, the implementation of a length 8 IDCT

requires 16 multiplies and 8 adds, or 24 total operations to fully compute.

f(x) =
7∑

u=0

α(u)C(u)cos[
(2x+ 1)uπ

16
] (2.1)

where

α(u) =


1√
2

if u = 0

1 if u > 0

The standard definition of the 1D DCT (DCT-II) for a vector of length 8 is shown in

Equation 2.2 [4]. Aside from the transform now being a function of u, the actual computation

of the 1D DCT and IDCT are identical, also naively requiring 16 multiplies and 8 adds,

totaling 24 operations to fully compute.

f(u) =
7∑

u=0

α(u)C(u)cos[
(2x+ 1)uπ

16
] (2.2)

where

α(u) =


1√
2

if u = 0

1 if u > 0

5



2.3 Standard 2D Discrete Cosine Transform

The standard definition of the 2D IDCT (or DCT III) is shown in Equation 2.3. The

2D IDCT is an extension of the 1D IDCT, where as opposed to a single vector, the 2D IDCT

is utilized when one performs a 1D IDCT on both the rows and columns of a matrix or vice

versa. The use of DCT coefficients and the cosine function remain the same between the

standard definitions of both versions. As shown in Equation 2.3 [5], the implementation of

the IDCT requires 16448 multiplies and 4096 adds to compute fully (ignoring computation

of the cosine).

fx,y =
1

4

7∑
u=0

7∑
v=0

α(u)α(v)Fu,vcos[
(2x+ 1)uπ

16
]cos[

(2y + 1)vπ

16
] (2.3)

where

α(u), α(v) =


1√
2

if u, v = 0

1 if u, v > 0

Equation 2.4 [5] shows the series definition of the 2D DCT where there is a difference

in the placement of two coefficients. As discussed in later sections, however, the placement of

these coefficients should not affect the number of operations required to compute the DCT.

Gu,v =
1

4
α(u)α(v)

7∑
x=0

7∑
y=0

gx,ycos[
(2x+ 1)uπ

16
]cos[

(2y + 1)vπ

16
] (2.4)

where

α(u), α(v) =


1√
2

if u, v = 0,=

1 if u, v > 0

6



2.4 AA&N Discrete Cosine Transform Algorithm

Figure 2.1: AA&N DCT algorithm [6]

The second DCT algorithm to consider is the Arai, Agui, and Nakajima’s (AA&N)

Algorithm as shown in Figure 2.1 [6]. The AAN algorithm is an optimization of the standard

2D DCT, where the total numbers of operations are collapsed to only 144 multiplies and

464 additions. Because of the vast reduction in the total number of operations between

this implementation and the standard series definition, most compression and decompression

algorithms favor this implementation due to its reduced computational intensity. The inverse

of the AAN DCT is just the same computation but in reverse, requiring the same number

of operations as the forward implementation.

Shaded dots denote an add, with additional arrows specifying a subtract. Boxes rep-

resent a multiplication with the constant within the box. The output also has an additional

scaling constant. However, in algorithms such as JPEG compression and decompression,

this can be combined with the quantization stage.

It should be noted that the full algorithm is a 1D DCT performed on either a single

7



row or column of an input matrix and must be performed 8 separate times for both rows

and columns.

2.5 Row and Column Discrete Cosine Transform Algorithm

The final algorithm that is explored in this work is the explicit Row and Column DCT.

Whereas the standard series definition of the 2D DCT combines the operation into a single

expression performed on a single matrix, the Row and Column DCT performs the explicit 1D

DCT along each row of a matrix, and then again on each column of a matrix (or vice versa),

as discussed in a previous section. The computational intensity of this implementation is

lowered by reducing the inherent looping required to perform the DCT; where the series

definition requires 64x64 loops, the Row and Column DCT requires 64x8 + 64x8, resulting

in 2048 multiplies and 1024 adds (when ignoring the cosine computation). Equation 2.1 [4]

shows the 1D IDCT for a vector of length 8. Much like the AAN algorithm, this equation

only performs the 1D DCT on a single row or column of a matrix, meaning this must be

applied 8 separate times for both rows and columns.

While having a large reduction in the number of operations compared to the standard

2D DCT, the explicit Row and Column algorithm are less ideal in general-purpose hardware,

whereas the AAN DCT has both fewer operations and less of a strain on memory capacity

due to larger look-up tables to store coefficients.

2.6 Fixed-point Representation

All implementations of DCT are done in 16-bit fixed-point notation. The fixed-point

data type is simply an integer value that contains an implicit scaling factor denoted by an

imaginary “decimal point” that is interpreted by the user and otherwise does not inherently

affect computation. The decimal point placement determines the number of integer and

fractional bits that are present for a number. This work presents fixed-point notation in an

8



X.Y format, where X represents the number of integer bits and Y represents the number of

fractional bits.
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Chapter 3

Fine-Grain Many-Core Processor Array

3.1 Overview

This work explores the implementation of the DCT on the novel fine-grain many-core

processor architecture. This section is a brief discussion of high-level characteristics and

architectural features of this particular processor style.

3.2 High-Level Architecture

The fine-grain many-core processor architecture is a novel architecture defined as an

array of simple processors that are independently clocked and individually programmed [7].

Each processor is clocked utilizing their own clock oscillators, allowing the processor to

operate globally asynchronously, and locally synchronously (GALS). This additionally allows

idle processors to be independently turned off when they are no longer busy. As processors

must each be individually programmed, each core in a fine-grain many-core architecture

operates on its instructions.
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Figure 3.1: AsAP 1 Processor and Layout [7]

Processors are able to transfer data between each other using a 2D mesh network that

allows for near and distant inter-processor communication between each other. This allows

for a number of serial and parallel architectures to be developed on a fine-grain many-core

system.

3.3 Memory and Processor Architectures

As the previous section states, processors operate on their own data and instructions.

Other parallel architectures, such as GPUs, have larger, centralized memory from which data

is pulled. In fine-grain many-core, each processor has its own instruction and data memory.

While there may be a larger, distributed memory available in this novel architecture, in

many applications, these are seldom used.

Each processor executes RISC-type instructions and are non-algorithmic specific. Al-

though not specialized in any particular workload, this allows for a wide range of different

computations and algorithms to be done on this particular architecture; the performance

of these workloads can be further boosted as the large number of cores enables high-level

parallelization of these workloads, striking a balance between programmability and high
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performance.

3.4 KiloCore Processor

Figure 3.2: KiloCore die photo and specific information [8]

This work explores implementations of the DCT on the KiloCore processor. Kilo-

Core is a fine-grain many-core programmable processor and is the third generation of Asyn-

chronous Array of Simple Processors (AsAP). The KiloCore processor contains exactly 1000

individually programmable processors for efficient MIMD workloads. Processors are single-

issue, RISC-type, and operate globally asynchronous, and locally synchronous (GALS) with

each processor containing its clock oscillator. Among 1000 programmable processors, the

KiloCore processor also includes an FFT accelerator and 12 64KB SRAM modules. The

KiloCore processor is built using IBM’s 32nm technology node [8].

KiloCore connects processors via a simple two-dimensional mesh network. On-chip
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communication operates in two domains, the faster, primary one of the two comprised of

a circuit switch network, and the secondary, slower network comprised of a packet router

more suited for high fan-out and fan-in. Both protocols end with a size 32 16-bit word dual

clock FIFO which helps ensure synchronization between independently clocked processors.

Processors can map to both adjacent and distant neighbors.

Figure 3.3: KiloCore 7-stage processor pipeline [9]

KiloCore processors contain both 128 40-bit instruction memory and 256 16-bit data

memory, both of which are comprised of registers. The data memory itself is split into two

segments, both containing 128 16-bit words. To the programmer, the split between memories

is generally invisible as both segments are interfaced with one write port and two read ports.

The write port is shorted between both memory segments in cases where data of the same

array, or the same data itself, would like to be accessed twice.

KiloCore operates on a custom instruction set architecture comprised of 88 different

RISC-type instructions which are non-algorithm specific. These instructions are executed on

a 7-stage pipeline. Operands for instructions are pulled from three sources; the processor’s

two input FIFOs, data memory, or in some cases the bypass registers within the pipeline itself

if operands have very high temporal locality. Output data can be forwarded to 8 different

output ports connected to KiloCore’s circuit switch network, 2 on each side of the processor,

or through the packet router. The KiloCore pipeline is shown in Figure 3.3.
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Chapter 4

Discrete Cosine Transform on Many-Core Architecture

4.1 Overview

This chapter discusses general strategies and methods to compute the 2D DCT on a

fine-grain many-core platform. This takes into consideration many of the architectural fea-

tures discussed in the previous chapter and presents numerous considerations when designing

an implementation of the 2D DCT. This includes general strategies that can be applied on

to other architectures as well.

4.2 Lookup Table of Coefficients

The first and most generally applicable consideration for implementing the DCT is

the handling of the DCT coefficients used to compute the transform. This primarily discusses

the coefficients for the standard 1D and 2D DCT algorithms discussed in Chapter 2.

The most straightforward implementation is to generate the cosine coefficients at run-

time. This involves computing the term inside of the cosine and then performing the cosine

itself. While the most straightforward design, this largely increases the computational com-

plexity required to compute the DCT, requiring 3 multiplies, 1 add, and 1 shift (assuming

the denominator is a power of 2) to compute the inside term before performing the cosine
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(based on Equations 2.1-2.4). The cosine itself must be done in software without any dedi-

cated hardware. However, a fast cosine can be implemented with the use of a lookup table

and linear interpolation.

The second and more favored design is to pre-compute the cosine coefficients and

write them into a 2D lookup table. This is possible as the inputs to the cosines are both

discrete and known a priori depending on the size of the input matrix. In the case of an

8x8 matrix, the cosine function generate only 64 different coefficients. These 64 coefficients

can be directly mapped into a lookup table based on the inputs that produced them. For

example, in Equation 2.1, a cosine term with the input x = 1 and u = 3 would be written

to row 1, column three within the lookup table, or vice versa.

1.000 0.9807 0.9239 0.8315 0.7071 0.5555 0.3827 0.1951

1.000 0.8315 0.3827 -0.1951 -0.7071 -0.9807 -0.9239 -0.5555

1.000 0.5555 -0.3827 -0.9807 -0.7071 0.1951 0.9239 0.8315

1.000 0.1951 -0.9239 -0.5555 0.7071 0.8315 -0.3827 -0.9807

1.000 -0.1951 -0.9239 0.5555 0.7071 0.8315 -0.3827 -0.9807

1.000 -0.5555 -0.3827 0.9807 -0.7071 -0.1951 0.9239 -0.8315

1.000 -0.8315 0.3827 0.1951 -0.7071 0.9807 -0.9239 0.5555

1.000 -0.9807 0.9239 -0.8315 0.7071 -0.5555 0.3827 -0.1951

Table 4.1: Discrete Cosine Transform Coefficients (8x8)

The DCT can be further simplified by implementing the α terms into the same lookup

table as the cosine values as these are also known a priori. As shown in Equations 2.1-2.4 α

can only be one of two values, with it only having any significance when the input term is
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0. Additionally, when the input to α is 0, the cosine always evaluates to 1. This means that

the only time α has significance in the DCT are instances where a lookup table coefficient is

equal to 1. Knowing this, α can be inserted into the lookup table by expressing all 1s inside

of the lookup table as
1√
2
.

0.7071 0.9807 0.9239 0.8315 0.7071 0.5555 0.3827 0.1951

0.7071 0.8315 0.3827 -0.1951 -0.7071 -0.9807 -0.9239 -0.5555

0.7071 0.5555 -0.3827 -0.9807 -0.7071 0.1951 0.9239 0.8315

0.7071 0.1951 -0.9239 -0.5555 0.7071 0.8315 -0.3827 -0.9807

0.7071 -0.1951 -0.9239 0.5555 0.7071 0.8315 -0.3827 -0.9807

0.7071 -0.5555 -0.3827 0.9807 -0.7071 -0.1951 0.9239 -0.8315

0.7071 -0.8315 0.3827 0.1951 -0.7071 0.9807 -0.9239 0.5555

0.7071 -0.9807 0.9239 -0.8315 0.7071 -0.5555 0.3827 -0.1951

Table 4.2: Discrete Cosine Transform Coefficients including α (8x8)

The use of the lookup table applies for both the standard 2D DCT algorithm and the

Row and Column DCT algorithm.

4.3 Single-Core Discrete Cosine Transform

The first method to implement the 2D DCT is to perform the full computation within

a single core. This requires that for a given matrix size, the single DCT core must fully

process both dimensions of the matrix before writing to the output of the core.

For implementations that compute the 1D DCT separately for rows and columns, this
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method tends to have a strain on memory capacity, requiring intermediate data to be stored

between both the 1D row DCT and 1D column DCT. Depending on memory constraints, a

single-core implementation on a many-core platform may only support the straightforward

2D DCT.

Data flow into the core can operate in two ways: a full matrix can be read in before

computing, or an ”on-the-fly” approach can be done where only parts of the matrix (i.e. a

full row) is read and processed before reading the next values. Typically, the on-the-fly phi-

losophy is a faster approach; however, depending on upstream processors and available FIFO

space between processors, this may incur stalling at the upstream processor. Performance

gains with an on-the-fly philosophy can be negated given this fact.

4.4 Multi-core Discrete Cosine Transform

Chapter 2 showed two methods that had the 2D DCT computation broken into two

stages, a horizontal DCT stage and a vertical DCT stage. In a fine-grain, many-core platform,

this kind of multi-stage implementation of the DCT as DCT can be split between several

cores to compute the horizontal and vertical DCT separately. This method is much more

favored over the single-core implementation due to the smaller computational complexity

per core and additional pipelining benefits as each core can operate on a different matrix at

any given time.

The simplest implementation is to break up the DCT into two cores which compute

the horizontal and vertical DCT separately. The first core either computes the full row or

column and then send the intermediate data downstream to the second DCT core. Data flow

considerations are also an important consideration between DCT cores and outside with any

additional upstream processor as well. Just like in the single-core DCT, while an on-the-fly

philosophy is generally yields faster processing, stalling upstream may occur.
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Figure 4.1: Example of a four-stage DCT

The multi-core DCT can be further split into multiple stages for both the row and

column DCT. That is, both the row and column DCTs can be split to into smaller stages

that can operate on smaller sections of an input matrix. For an 8x8 matrix, the minimum

number of elements required to perform the DCT is 8, meaning that both the row and

column stages can be split into 8 separate cores which each compute 1 row or 1 column of

the matrix. This allows for more simultaneous computation of a full matrix and has greater

benefits due to pipelining at the expense of higher communication complexity and area.

4.5 Parallel Architectures

Both single and multi-core DCTs aim to compute a single input matrix at a time.

While multi-core DCTs have some pipelining which allows for early processing of new DCTs,

this still incurs stalling upstream as it still requires a few cycles in order to process the data

before moving to a new matrix.

To alleviate this, parallel instantiations of DCT engines can be utilized to processes

multiple input matrices at a given time. Matrices that are processed by the DCT have no

dependencies between each other, allowing for multiple DCT engines to operate on different

parts of the input data, only requiring a FIFO data flow to be maintained as data is scattered

and gathered between these multiple engines.
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Figure 4.2: Example of a 2-engine DCT

On a many-core platform, the scatter and gather of data can be done by using fan-out

and fan-in cores. The number of I/O ports on each core determines the number of fan-out

and fan-in cores required to properly distribute and collect data within the whole system. For

example, if a particular many-core architecture has 2 input ports and 4 output ports, then

for a 4-engine DCT system, at least one fan-out core and 3 fan-in cores would be required.

Similar to the multi-core and single-core DCTs, inter-processor communication also

plays a large role in realizing high performance. While on-the-fly computation is typically

faster in isolation, depending on the architecture of the many-core platform, stalling up-

stream negates potential performance gains in a parallel architecture.
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Chapter 5

Implementation of the Discrete Cosine Transform on a

Many-Core Platform

5.1 Overview

This chapter showcases 20 different DCT implementations on the KiloCore many-core

platform. Exploration of the DCT on this novel architecture is broken up into two different

sections: single-engine and multi-engine implementations. 16-bit fixed point representa-

tion was used for all versions discussed in this chapter. The single-engine implementations

explore the different DCT algorithms discussed in previous chapters and other hardware

and algorithmic changes to increase overall throughput. The multi-engine implementations

have multiple, parallel instantiation of DCT engines. Each section discusses the overall

architectural details, changes between different implementations, inherent drawbacks, and

bottlenecks.

5.2 Testing Overview

All versions are simulated using the KiloCore Project Manager as discussed in chapter

3. Measurements such as throughput and power are taken from the simulation results of the

Project Manager simulation environment. The DCT was tested in an isolated environment,
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where payload data was fed directly to the input of the DCT, and the throughput was

measured directly at the output of the DCT. The payload data was assumed to be in an

11-bit format and fed into the simulation environment as a text file containing numbers in

a 16-bit format. Both random data and 4k gray-scale images were used.

The output of the DCT implementation was written to an output file and was com-

pared directly to SciPy’s [10] 32-bit floating point DCT using a Python script to measure

the SNR of the KiloCore implementation.

5.3 Single Engine DCT

This subsection focuses on the different single-engine DCT implementations. Changes

in the single-engine implementations primarily focus on exploring different DCT algorithms,

hardware usage, and code optimizations to achieve higher performance.

5.3.1 Single Engine DCT Version 1.0

This is the first implementation of the DCT on the KiloCore platform that was ex-

plored. This version is a direct, naive implementation of the DCT’s series definition as

discussed in Chapter 2, with the goal of both functionality (rather than performance) and

getting baseline numbers for the DCT on a many-core platform.

This direct implementation of the DCT, as shown later on, uses the least amount of

cores to implement, being a one-core that computes the full 2D DCT. This implementation

operates on one 8x8 data block at any given time, meaning that 64 samples are read in at

a time and are all processed together before operating on the next 8x8 block. The cosine

values of the DCT are known a priori and are precomputed and stored in the cores DMem

in a 5.11 format, creating a size 64 LUT that is accessed based on either x and u or y and v

from Equation 2.3. The α coefficient is programmed as a function call, where for any values

other than 0, the value equals 1, and for 0, is
√
2
2
. To compute the DCT for all 64 values,

four nested for loops of size 8 are used, the two innermost reflecting the need for the 64
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summations for each element of an 8x8 block, and the two outermost loops representing all

64 elements for each block. A final multiply is done for the scaling constant to compute each

element fully.

As a direct implementation of the 2D DCT definition, each 8x8 block requires a total

of 4096 loops to fully compute as there are 64 loops per element and 64 elements per 8x8

block. Each multiply done in KiloCore must also be shifted based on the format of the

LUT (in this case since it’s 5.11, a shift to the right by 11) to maximize precision while

maintaining a 16-bit format. Additionally, before each shift, a rounding constant is added to

each operation to better maintain accuracy after each multiply. With this in consideration,

each loop requires 4 multiplies, 4 shifts, and 5 adds to compute, and thus a full 8x8 block

requires 53440 operations. This does not include considerations of other sources of stalling.

This is one of three implementations where α affects the overall computation.

5.3.2 Single Engine DCT Version 1.1

Version 1.1 implements a code optimization where at least one of the multiplies is

not required to be in the innermost loop and is instead placed in the loop just above it.

With this change, the number of operations is reduced by a substantial amount, with the

innermost loop only requiring 3 multiplies, 3 shifts, and 4 adds, thus resulting in the total

number of operations being reduced to 42688 operations, a 20% reduction from the pre-

vious implementation. α is still considered in the total computational complexity in this

implementation.

While other optimizations can be explored, it’s clear that for direct implementation,

the main issue occurs with the number of loops required to fully compute an 8x8 block.

Following this version, other DCT algorithms are explored to reduce that number.
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5.3.3 Single Engine DCT Version 2.0

Figure 5.1: Version 2.0 Processor Layout

Version 2.0 directly implements the AAN Algorithm discussed in Chapter 2. The 2D

AAN DCT implementation seeks to reduce looping and the number of operations through

algorithmic manipulations and breaking the computation into two different stages, a 1D

DCT for the rows, and another 1D DCT for the columns.

This version is a 2-core implementation where each core computes on 1D DCT on

either the rows or columns of the input matrix. Much like in the standard implementation,

each DCT core reads all elements in an 8x8 block and processes the payload entirely before

continuing to another 8x8 block. It should be noted that because the DCT is now split

between two cores, there is a degree of pipelining that is exploited in the design where after

the first DCT core finishes its computation, it can immediately start computing the next

payload even before the second DCT core has finished.

As opposed to the 4096 loops required in the direct implementation of the 2D DCT,

1 DCT core in the AAN implementation requires only 8 loops to compute all 64 elements,

wherein each loop, a series of operations are performed on either a row or a column of the

input matrix. Each loop requires roughly 13 multiplies, 46 adds (including both adds and

subtracts), and 13 shifts (for rounding per each multiply). For 8 loops, this results in 552

operations per core, and for two cores is 1104 operations per 8x8 matrix, a 97% reduction

in the number of operations than version 1.1.
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5.3.4 Single Engine DCT Version 2.0

Figure 5.2: Version 2.1 Processor Layout

Version 2.1 is an optimized implementation of the standard AAN algorithm which

sees a large increase in performance over version 2.0. This implementation is derived from a

JPEG encoder implementation on the same KiloCore processor [11], which utilizes a 4-core

engine rather than 2 from the previous version. The row and column DCT cores are further

split into two cores, where one core computes the DCT along the first half of an 8x8 block

(either row or column) and another core computes the last half. This introduces a better

pipelining effect, where cores now operate on smaller portions of data, reducing the time

between different reads.

Additionally, this implementation unrolls all loops for each core. While there is zero

overhead hardware looping, the KiloCore compiler may not take full advantage of many

architectural features for this particular platform. As a result, the use of hardware looping

can sometimes be missed in certain designs, where standard looping requires additional

overhead: loop counters and checks must be done through software, which incurs extra

cycle time in execution. This, however, results in a significant increase in the number of

instructions, over 500 per core, which far exceeds the 128 instruction memory.
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5.3.5 Row and Column DCT Motivation

In general-purpose hardware, it has been shown that the AAN implementation, and

algorithms based on AAN, are favored over the Row and Column DCT due to performance

as well as memory and bandwidth requirements not suited to smaller devices [12]. However,

we explore the R&C DCT as while the AAN implementation works well to reduce the

overall number of operations, it does not exploit well the features present in the KiloCore

architecture as the R&C does. Thus, with both algorithmic and hardware optimizations, it

may be possible to increase the performance of the R&C DCT such that it outperforms the

AAN DCT.

5.3.6 Single Engine DCT Version 3.0

Figure 5.3: Visualization of R&C computation. The first core computes from left to right in

column-major. The second core computes from top to bottom in row-major.

The R&C DCT, as the name suggests, splits the computation into two stages of

1D DCTs, much like the AAN algorithm. However, unlike the AAN implementation, the

computation follows the standard 1D DCT computation shown in Chapter 2, requiring at

least 8 loops to compute each element in an 8x8 block (16 including both stages).
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Version 3.0 is a direct implementation of the 1D DCT computed for the rows and

columns of an 8x8 matrix. This is a 2-core implementation, with the first core computing

the column DCT and the second core computing the row DCT. Much like in the previous

versions, the entire 8x8 matrix is read and stored in memory before processing. The next

payload is only read after processing is done. This implementation benefits from pipelining as

the first core can process new data even before the second DCT core has finished processing

its data.

As a direct implementation of the 1D DCT in Equation 2.1, each element requires

8 loops to compute, and for 64 elements, requires a total of 512 loops per DCT core. As

in standard 2D DCT, cosine values are known a priori and are stored in LUTs. Each loop

has two multiplies, two shifts (for rounding), and three adds, plus an additional multiply,

add, and shift for the outside scaling constant. This results in 3776 operations to compute

the 1D DCT, and 7552 operations accounting both cores. α is still considered in the total

computational complexity in this implementation.

While a considerable improvement in the number of operations compared to the stan-

dard 2D DCT (around 82.3% improvement) it falls short of the AAN implementation as

previously stated. Additionally, this implementation suffers from additional overhead from

using the LUT, which is be explored in a later section. As a result, the throughput gener-

ated by this version is significantly slower than the AAN algorithm by a pretty considerable

margin.

5.3.7 Single Engine DCT Version 3.1

In version 3.1, the α coefficient was precomputed and stored along with the cosine

values as these values are also known a priori. The scaling constant generally done after the

innermost loop is also now accounted for and placed inside the LUT of coefficients. With

this, the innermost loop is reduced by 3 operations, as well as the final operation per element

being completed is eliminated, resulting in only 1 multiply, 2 adds, and 1 shift per loop or
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2048 operations per DCT core (4096 for 2 cores).

5.3.8 Single Engine DCT Version 3.2

The KiloCore datapath contains a MAC and 40-bit accumulator that can be used in

a separate pipeline for the standard ALU. From version 3.1, the total number of operations

was reduced to 1 multiply, 2 adds, and 1 shift, where the first add is for rounding per each

multiply and the second add is the summation. In reality, there is only 1 add and 1 multiply

required, and thus version 3.2 uses the MAC to reduce the two operations into 1 single

operation that can be completed with 1 cycle throughput. Additionally, computations done

using the MAC are stored inside the 40-bit accumulator as opposed to a 16-bit variable in

memory or bypass registers.

As a result of the MAC, the number of operations is further reduced to just 1 MAC per

innermost loop. However, the 40-bit accumulator only allows reads from either bit [39:32],

[31:16], and [15:0]. The final result for each computation of an element lands somewhere

in between bits [31:16] and [15:0], requiring two reads, two shifts, and an OR operation to

extract the correct value which is explored in a later section. As a result, the overall number

of operations required for a single core is 832, and 1664 for both cores. Compared to the

standard AAN implementation, the gap is now reduced to a 560 operation difference per 8x8

matrix.

It should be noted that implementations with the inclusion of the MAC no longer em-

ploy any rounding techniques, resulting in the removal of an add and shift in the innermost

loop. Previous rounding techniques involved adding one half (based on the fixed-point nota-

tion) to a product and then performing a bit shift (also based on the fixed-point notation) to

further reduce the number of operations to perform. This is due to the presence of the 40-bit

accumulator; in previous versions, when a 16x16 multiplication is done, only the top 32 bits

of the product can be used where rounding attempts to compensate for the lost information.

The 40-bit accumulator helps preserve all information across each multiply-accumulate that
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is performed until the final result is needed, hence the removal of rounding techniques.

5.3.9 Single Engine DCT Version 3.3

Version 3.3 utilizes the KiloCore address generators for accessing LUT values stored

in the DMem. Memory accesses in KiloCore also play a significant role in affecting the overall

performance of a design. In previous implementations of the DCT, loops were utilized for

two reasons: to repeat certain operations and to index through the LUT of coefficients.

While the AAN implementation only has 8 loops per core and very rarely uses the looping

value to index through an array, the R&C DCT uses the LUT for each MAC operation that

is executed. This means that the pointer of the looping value must first be dereferenced

before it can be used to index through the LUT table, requiring extra cycles to retrieve a

coefficient before computing a MAC operation.

With the KiloCore address generator, pointers to the LUT can automatically be

generated without the need to first dereference the pointer from memory. These pointers

are also automatically incremented upon use based on a striding value that is predetermined

by the programmer; the R&C DCT benefits greatly as the DCT indexes either by row or

column with a set striding amount.
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5.3.10 Single Engine DCT Version 3.4

Figure 5.4: Visualization of communication change between DCT cores. The Row DCT is

the upstream processor. The first column elements of the Row DCT are sent as soon as they

are done computing.

Version 3.4 implements a change in how data is communicated into and between cores.

In all previous versions, all 64 elements of an 8x8 matrix were read first before computing

the DCT. This would be true for both the upstream and downstream processors. Version

3.4 instead adopts an “on-the-fly” method, where each core only reads enough data from

the 8x8 matrix to start computing the DCT, the minimum being 8 elements. Additionally,

since data more naturally comes in as row-major, the Row DCT is now switched to be the

upstream processor and the Column DCT to be the downstream processor.

After reading the first 8 elements (for the upstream processor, this is the first 8 row

elements) the first computation is done to produce the first 8 row elements to be sent to

the downstream processor, in which only the first element of this row is immediately sent

to column DCT. This is because the column DCT reads data in column-major, and thus

requires the first 8 columns before starting its computation. This repeats for the next 7 rows
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where the first element of each row is immediately sent to the column DCT, allowing the

column DCT to get a head start in computing before all 64 elements are fully computed.

Once the row DCT finishes computing all 64 elements, it bursts the rest of the 56 elements

in column-major to the downstream processor to complete the 2D DCT.

This change only reflects how DCT cores read and write data; the computation itself

remains unchanged from the previous iteration.

5.3.11 Single Engine DCT Version 3.5

Figure 5.5: Processor layout of version 3.5

Version 3.5 is a three-core implementation that now adds a buffer core between the

row and column DCT. Data bursts between the row and column DCT now became the

bottleneck as the row DCT would burst 56 elements to the column DCT. Because the FIFO

space between each core is only of size 32 words, this meant that the row DCT would stall

as a result of the column DCT only reading 8 elements at any given time. This means that

at most, the row DCT could write 40 elements to the FIFO before needing to stall for the

last 16 elements.

The addition of the buffer core doubles the effective FIFO space between cores as

there is now a size 32-word FIFO between the row DCT and buffer core and another size 32-

word FIFO between the buffer core and the column DCT, allowing the row DCT to perform

a complete burst without stalling. The buffer core is programmed to read first and then

immediately write out the value.
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5.3.12 Single Engine DCT Version 3.6

Figure 5.6: Processor layout of version 3.6

While the buffer core alleviates stalling between both DCT cores, the additional

hardware cost is undesirable, increasing the core count by 1.5 times. Version 3.6 removes

the buffer core and instead utilizes two input ports available on each KiloCore processor,

reverting back to a 2-core design. This allows the same effect of doubling the FIFO size

without an additional core.

This change is only reflected in the manner in which DCT cores read and write data.

Only the column DCT utilizes the two input ports, where the input and output of the

2D DCT are still interfaced through only one port. In this implementation, the row DCT

alternates between two output ports, sending 8 elements through one port before switching.

5.3.13 Single Engine DCT Version 3.7

As discussed in version 3.2 when implementing the MAC, the 40-bit accumulator has

slower reads when they are made between the high and low 16 bits. As this is the case with

all previous implementations using the MAC and accumulator, this required two reads (for

the high and low 16 bits), two shifts, and an OR operation to perform the most correct and

precise read from the accumulator.
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Figure 5.7: Example of a MAC computation

An example can be shown in Figure 4.7. In this example, two 16-bit numbers are

multiplied and accumulated by the MAC, where the initial accumulator value is 0. The

desired result is in the range of [27:12], which is in between the high and low 16-bits of the

accumulator. To get this result, the top 16 bits need to be read and shifted to the left by 4,

and the bottom 16 bits need to be read and shifted to the right by 12. The resulting two

values then need to be OR’ed to get the desired value from the accumulator.

For the DCT, the need for 4 additional operations is primarily due to the LUT’s fixed-

point representation, where DCT coefficients are within the range of [-1, 1]. However, the

LUT was currently stored in a 5.11 notation. While fixed-point representation is somewhat

arbitrary, this resulted in the final value in the accumulator being only partially aligned with

bits [31:16], requiring 4 extra operations to do a proper read.

Version 3.7 adjusts the LUT of coefficients to be in a 1.15 fixed-point representation,

which now has a range of [-1, 1). While 1 is a possible value in the LUT, the 1.15 format

provides a very close approximation to 1 and thus does not need to be hard-coded in the

scenario where a look-up of the value one is performed.
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5.4 Multi-Engine DCT

The sections explore multi-engine DCT architectures that instantiate multiple single-

engine DCT blocks to compute the DCT. The purpose and subsequent changes following

the different multi-engine implementations are purely for throughput improvement, with

minimal changes in the DCT algorithm. It should be noted that individual engines are

taken from single-engine implementations discussed in the previous section.

5.4.1 Multi-engine DCT Version 4.0

Figure 5.8: Processor Layout of version 4.0

Version 4.0 of the multi-engine DCT is an initial implementation focused more on

functionality and baseline performance. This implementation used 5 engines (R&C version

3.6), requiring 10 total DCT cores, 4 fan-out, and 4 fan-in cores for an 18-core implementa-

tion. Fan-out cores are required to scatter multiple packets to multiple different engines and

fan-in cores are required to fan the data back in. These cores also maintain a FIFO data
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flow for the DCT computation.

Figure 4.8 shows the processor layout of how core data is distributed and gathered

between the 5 DCT engines. The initial fan-out core (Fan-out 0) takes incoming data and

splits it into two different paths. Because there is an odd number of cores, it distributes 3

8x8 matrices to the Fan-out 1 core and 2 8x8 matrices to the Fan-out 2 core. The Fan-out 1

core further splits the data such that after sending an initial matrix to Row DCT 0, it sends

the other two matrices to the Fan-out3 core to send to Row DCT 1 and 2 respectively. The

Fan-out 2 core sends its two matrices to Row DCT 3 and 4.

Fan-in of data works in the opposite direction. Fan-in 0 takes output data from

Column DCT 1 and 2 and Fan-in 1 takes output data from Column DCT 3 and 4. Fan-in

0 sends its data to Fan-in 2 before the data is sent to the final fan-in core while Fan-in 1

sends it directly. Fan-in 3 reads data from Fan-in 1 and Fan-in 2 cores in the correct FIFO

orientation.

5.4.2 Multi-engine DCT Version 4.1

Figure 5.9: Processor Layout of version 4.1
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Version 4.1 introduces a buffer core between the Fan-out 1 core and Row DCT 0,

becoming a 19-core implementation. The introduction of a buffer plays the same role as it

did in version 3.5, where due to large burst lengths between the fan-out cores and the DCT

engines, stalling would incur on the upstream fan-in processors. This implementation uses

version R&C version 3.6 DCT engine.

Only a single buffer core was used for 1 DCT engine as this version presents itself as a

way to illustrate the communication behavior of the full system. As shown in a later section,

the theorized performance of a 5-engine DCT was not met with the previous implementation.

This occurred for two reasons: data would stall at the Row DCT cores as the buffers would

become full before all the data could be sent, causing the upstream fan-out cores to stall at

their outputs, and since a FIFO dataflow needed to be preserved, DCT engines 1 and 2 would

have to wait for DCT engine 0 to process enough values before starting their computations,

which affects the overall system performance.

The addition of the buffer core alleviates stalling between the Fan-out 1 core and the

Row DCT 0 core by doubling the effective FIFO size, increasing the throughput to near its

theoretical maximum. Data transfers to the first engine became unhindered which allowed

processed data to appear at the output earlier while also allowing subsequent engines to

start processing earlier.
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5.4.3 Multi-engine DCT Version 4.2

Figure 5.10: Processor Layout of version 4.2

Version 4.2 removes the buffer core, and in place to account for stalling of processors

due to large burst lengths instead uses a scheduling approach. In previous implementations,

a full 8x8 matrix would be sent before the next 8x8 block was even looked at. This version

instead schedules smaller bursts of data to each DCT engine and sends only half of the full

payload data at first. The second half of the data is stored in the processor’s local memory

and is later accessed and sent once all engines receive the first half of their data. This

implementation uses version R&C version 3.6 DCT engine.

The Fan-out 0 core is unaffected by this change and still does a full-sized burst to the

Fan-out 1 and Fan-out 2 cores. The Fan-out 1 core first bursts 32 elements to the Row DCT

0 core and then bursts the first 32 elements for the Row DCT 1 and 2 cores to the Fan-out 3

core. Fan-out cores 2 and 3 burst the first 32 elements to their corresponding DCT engines.

This pattern repeats for the next burst of 32 elements which instead is read from each of the

highlighted fan-out cores’ local memory in Figure 4.9.
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This helps alleviate nearly all stalling between the fan-out cores and DCT engines as

the burst size is now manageable relative to the FIFO depth. DCT engines read the first 8

values immediately, meaning that each FIFO only contains 24 elements at any given time.

5.4.4 Multi-engine DCT Version 4.3

Figure 5.11: Processor Layout of version 4.3

Version 4.3 removes the inner fan-out cores and relies on a single fan-out core to

broadcast data to all 5 engines, becoming a 15-core implementation. KiloCore processors

each have 8 output ports available, allowing a single core to scatter data to at least 8 different

destinations before requiring any additional fan-out cores.

As discussed in previous implementations, full-sized bursts to each DCT engine would

cause stalling at the fan-out core, significantly slowing system performance. Instead of using

larger bursts, the same philosophy is used in version 4.2, and data transfers are scheduled

in smaller 32-word bursts instead of full 64-word bursts. Other scheduling algorithms were
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tested, however, of them, a 32-word burst performed the best as it is the most fair algorithm,

whereas other algorithms with heavier biases towards certain cores or uneven burst stages

would incur larger penalties at a later time.

This version, although faster than version 4.0, also falls short of the theoretical max-

imum throughput. Although scheduling is employed, the benefit is not as great as only a

single fan-out core is responsible for broadcasting input data to all 5-engines. Version 4.2

had multiple stages of fan-out before reaching the DCT engines, meaning that multiple fan-

out cores would only be responsible for a few DCT engines. Additionally, because there are

multiple stages, it benefited from some amount of pipelining.

5.4.5 Multi-engine DCT Version 4.4

Figure 5.12: Processor Layout of version 4.4

Version 4.4 places a buffer core between the Fan-out core and the bottom DCT engine,

resulting in a 16-core implementation. The implementations helped illustrate that the reason
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for the loss in performance is the amount of time it takes to fully complete one loop through

all the DCT engines. As the Fan-out core is solely responsible for all 5 engines, the time it

takes to loop back to perform the second burst of 32 words was longer than the time it took

for the first DCT engine to process its first burst, causing all DCT engines to sleep while

waiting for additional data. This implementation uses version R&C version 3.6 DCT engine.

The addition of the buffer core allowed for a 64-word burst just for the last DCT

engine. Because the last DCT engine can receive all its data in a single burst, a quicker loop

back is possible to the first DCT engine is possible, showing a slight increase in performance

from version 3.4.

5.4.6 Multi-engine DCT Version 4.5

Figure 5.13: Processor Layout of version 4.5

Version 4.5 removes the buffer core and no longer schedules smaller bursts to each

DCT engine, reverting to a 15-core design. The Fan-out core now makes full-size bursts

to each DCT engine. To facilitate this without incurring stalls, the Row DCT cores also
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reverted to storing a full 8x8 matrix in local memory before computing the DCT. This allows

the Row DCT cores to use their local memory as a software FIFO, allowing for full-sized

bursts to be unimpeded by the hardware FIFO’s smaller depth of 32 words. This change

only reflects the Row DCT cores and only the method in which they read input data. The

DCT computation itself and the communication to the downstream Column DCT cores are

left unchanged. This implementation uses version R&C version 3.6 DCT engine.

5.4.7 Multi-engine DCT Version 4.6

Figure 5.14: Processor Layout of version 4.6

Version 4.6 adopts the latest single-engine DCT implementation, version 3.7, which

uses adjusted coefficients to extract values from the cores’ accumulator more efficiently.

Multi-engine explorations were done before version 3.7 was realized.
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5.4.8 Multi-engine DCT Version 4.7

Figure 5.15: Processor Layout of version 4.7

Version 4.7 scales the previous implementation from 5 engines to 6 engines. An

additional Fan-in core is required in order, requiring an additional 3 cores to implement,

becoming an 18-core design.
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Chapter 6

Simulation Results of the Discrete Cosine Transform

6.1 Overview

This section discusses the simulation results of all DCT implementations on the Kilo-

Core platform, including throughput, power efficiency, area efficiency, energy, and accuracy.

Tests were done with a custom JPEG decoder and with the DCT in isolation, where tests with

the decoder had data taken just before the DCT. An energy-efficient and high-throughput

While the quality of the images and the speed of the JPEG decoder do affect the

overall system performance where the DCT may not be a bottleneck, all results discussed in

this section ignore the external effects of the JPEG decoder and analyze results of the DCT

in isolation.

Throughput was calculated with equation 5.1:

Throughput =
(# of P ixel Components) ∗ 10−6

Execution T ime
(6.1)

SNR was calculated with equation 5.2:

SNR = 10 ∗ log10
∑N

n=0 |(KiloCore Data[n])2|∑N
n=0 |(KiloCore Data[n]−Gold Ref [n])2|

(6.2)

Area was calculated with equation 5.3:
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Area = (# of cores) ∗ 0.05545mm2

core
(6.3)

Throughput per area was calculated with equation 5.4:

Throughput per Area =
Throughput

Area
(6.4)

Energy per word was calculated with equation 5.5:

Energy per Word =
Power

Throuhgput
(6.5)

Area Normalized energy-delay product (EDP) was calculated with equation 5.6:

Area Normalized EDP =
Energy per Word

Throughput per Area
∗ 1000 (6.6)

Results are reported in 1.2 and 2.29 GHz, where designs operating at 1.2 GHz have

better energy efficiency while designs at 2.29 GHz display better area efficiency. Each core can

operate safely at 1.2 at 0.9V. However, so long as certain ALU carry and zero flag instructions

are avoided (which are not utilized in all implementations), KiloCore can operate at 2.29

GHz at 1.1V [13]. An increase in the clock speed for each core increases the throughput

proportionally, which is explored in later sections.

6.2 Throughput of KiloCore Implementations

This section showcases throughput changes across different versions of the 2D DCT.

Results in this section are testing with the DCT isolated, where the input is fed directly

into the DCT and the output is taken as soon as the DCT is done computing. While

computing the transform by itself is not influenced by the input, the overall speed of a

whole compression or decompression algorithm depends on other parts, such as the Huffman

decoder or quantization in JPEG decoding, where the quality of an image can change the
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entire system performance considerably.

Figure 6.1: Throughput results @ 1.2 GHz
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Figure 6.2: Throughput results @ 2.29 GHz

Figures 6.1 and 6.2 present throughput results at 1.2 and 2.29 GHz respectively.

Performance generally increases with each version, with much larger spikes in throughput

appearing at version 4.0 when multi-engine designs are under consideration. An exception

to this is with version 2.1 which corresponds to an early exploration of the AAN DCT.

This implementation is based on [11] and is a 4-core implementation and expansion of the

standard AAN DCT, or version 3. This increase in throughput is due to a combination of

large amounts of loop unrolling and splitting the row and column DCTs into 2 different cores,

where each core calculates only half of either the row or columns of the DCT. While there is a

significant increase in throughput relative to other single-engine designs, this implementation

has an additional area cost associated (which is discussed in a later section). Additionally,

when compiled into assembly, each core contains over 500 instructions, which far exceeds the

number that can be held in a single core due to all loops being completely unrolled. Version

4.6 and 4.7 are the only two multi-engine designs that utilize the latest single-engine DCT,
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with version 4.7 at 2.29 GHz possessing the highest throughput.

6.3 SNR of KiloCore Implementations

This section focuses on precision between the different implementations of the DCT.

While more bits are better, JPEG requires at least 8 “good” bits for the decoder to be

considered to have marginal losses with the original image [14]. This corresponds to roughly

50 dB, where results that are above this threshold can be considered identical in the context

of image compression. Each DCT design was tested against SciPy’s DCT in Python.

Figure 6.3: SNR results vs Python Golden Reference

Figure 6.3 presents the SNR among all 20 different DCT implementations. Each

implementation produces an SNR well above 50 dB, with newer versions generally increasing

in precision. Versions 3.2-3.7 had all rounding techniques removed. This was done for two

reasons: to negate additional overhead due to rounding and to take advantage of the 40-bit

accumulator. Versions that do not use the accumulator must be truncated to maintain 16
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bits between operations; however, MAC results are stored in the accumulator, preserving all

information between operations. This only requires one truncation at the end, where the

final 16 bits are extracted from the MAC, making rounding less necessary. Figures 6.4 and

6.5 show accuracy results between implementations 3.0 and 3.7 compared to a SciPy golden

reference. While there is much more bias for version 3.7’s results, the magnitude of the error

is less than in version 3.0.

Figure 6.4: Diff results for version 3.7
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Figure 6.5: Diff results for version 3.0

Versions 1.0-1.1 have notably less precision than all other versions, being the only two

below 60 dB. This is primarily due to the number of operations required to fully compute

the naive DCT, where a single element requires 64 iterations. A larger number of operations

results in greater error, as each operation requires truncation down to 16 bits, where the

effect of rounding is diluted.

Versions 3.2-3.6 and 4.1-4.5 all share the same SNR as these implementations all

utilize the MAC, where computation using the MAC is completely identical across all imple-

mentations. Version 3.7 introduces an adjustment to the fixed-point notation of coefficients,

also reflected in versions 4.6 and 4.7, resulting in a slight increase in SNR for these three

implementations.

6.4 Area of KiloCore Implementations

This section briefly discusses the area taken by each implementation. As shown in

Figure 5.7, the area is split between two different sections, the single-engine and multi-engine
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implementations. The majority of single-engine designs are two-core implementations, except

version 2.1 and 3.5 which are four and three-core designs respectively.

Figure 6.6: Area vs Version

6.5 Throughput per Area of KiloCore Implementations

This section discusses the overall area efficiency of each design, considering the

throughput of each implementation against the area utilized. The throughput numbers are

taken from section 5.2, and area taken from 5.4.
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Figure 6.7: Throughput per Area @ 1.2 GHz

Figure 6.8: Throughput per Area @ 2.29 GHz
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Figures 6.7 and 6.8 show area efficiency for each version of the DCT at 1.2 and 2.29

GHz respectively. Where throughput and accuracy generally increased with each version,

overall throughput per area does not entirely follow this trend. Implementations that stand

out as the most efficient are versions 2.1, 3.6, and 3.7 at 2.29 GHz, which are all single-engine

implementations. Version 3.7 shows the best efficiency, with version 3.6 being a runner-up.

Compared to version 2.1, the actual measured throughput is considerably lower in version 3.7;

however, since version 2.1 is a 4-core implementation, it has lower area efficiency compared

to versions 3.6 and 3.7.

A significant drop in efficiency occurred for versions 4.0-4.7; at this point, multi-engine

implementations were being considered. If only the raw DCT cores were being measured,

these versions would have the same efficiency as version 3.6 and 3.7, depending on which

DCT engine was used; however, fan-out and fan-in mechanisms must be handled by addi-

tional cores, increasing the overall area usage where the addition of another engine results

in three additional cores per each design. Efficiency asymptotes after about 5 engines are

implemented, as shown when comparing versions 4.6 and 4.7 where there is no notable dif-

ference. This should hold for up to a fan-out of 8; however, if the fan-out exceeds 8 (the

number of outputs per core), an additional fan-out core is required, adding 4 additional cores

instead of 3.

6.6 Power of KiloCore Implementations

This section briefly discusses power consumption from each DCT implementation.

Power results are taken directly from the KiloCore simulator, and are measured at 1.2 and

2.29 GHz. Much like area, power draw is separated into two sections, single-engine and

multi-engine implementations, where power draw is primarily a function of the number of

cores and secondarily a function of its computational complexity. Version 2.1 stands out as

it is a 4-core design, thus yielding higher power. As power is both scaled by frequency and

voltage, results at 1.2 GHz consume less power.
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Figure 6.9: Power vs Version @ 1.2 GHz

Figure 6.10: Power vs Version @ 2.29 GHz
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6.7 Energy per Word of the Various KiloCore Implementations

This section discusses the energy required to compute a single word, where a word

is a single matrix element. The power numbers are taken from section 5.6, and throughput

from 5.2.

Figure 6.11: Energy per Word vs Version @ 1.2 GHz

53



Figure 6.12: Energy per Word vs Version @ 2.29 GHz

Figures 6.11 and 6.12 show the energy per word results at 1.2 and 2.29 GHz respec-

tively. Energy consumed per word computed generally trends down, with an exception for

the AAN DCT implementations in version 2.0 and 2.1. The most energy-efficient imple-

mentations are versions 2.1, 3.6, and 3.7 at 1.2 GHz, which align closely with the most

area-efficient results in section 5.5. Version 3.7 is the most energy-efficient of the three, with

version 2.1 being a runner-up.

6.8 Area Normalized Energy Delay Product of KiloCore Imple-

mentations

This section discusses the energy-delay product for each DCT implementation. Indi-

vidual throughput and energy metrics are taken from sections 6.5 and 6.7 respectively.
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Figure 6.13: Energy Delay Product (Area Normalized) vs Version @ 1.2 GHz

Figure 6.14: Energy Delay Product (Area Normalized) vs Version @ 2.29 GHz
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The energy-delay product (EDP) is a simple measure of how a system balances its

energy usage with its performance. However, as the DCT can be arbitrarily scaled, EDP is

normalized with area and uses the throughput per area results instead of pure throughput.

Figures 6.13 and 6.14 show the energy-delay product, normalized to the area, for each version,

with the metric generally trending down with each version, with an exception in versions

2.0 and 2.1 which explored the AAN DCT. Multi-engines see an increase in this metric as

the area drastically increases to account for multiple engines. A lower value is better in this

category.

This metric accounts for both area efficiency and energy efficiency, weighing both

values equally. This showcases which designs have the best overall trade-off between energy,

area, and throughput. As discussed in previous sections, version 3.7 at 2.29 GHz beats all

other implementations in both energy per word and throughput per area, which is exemplified

in Figures 6.13 and 6.14.

6.9 Energy per Word vs Area per Throughput of KiloCore Im-

plementations

This sections shows the tradeoff between the energy consumption per word and the

area per throughput. Figures in this section are plotted logarithmically. Points closer to the

origin are better in this case.
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Figure 6.15: Energy per Word vs Area per Throughput @ 1.2 GHz

Figure 6.16: Energy per Word vs Area per Throughput @ 2.29 GHz

57



Figures 6.15 and 6.16 showcase all 20 implementations. Two additional figures are

provided that zoom in on designs closest to the origin.

Figure 6.17: Energy per Word vs Area per Throughput Zoomed in @ 1.2 GHz
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Figure 6.18: Energy per Word vs Area per Throughput Zoomed in @ 2.29 GHz

Figures 6.17 and 6.18 show the energy per word vs area per throughput for designs

closest to the origin in 1.2 and 2.29 GHz respectively. Version 3.7 for both 1.2 and 2.29 GHz

is the closest to the origin compared to all other versions, beating all other implementations

in both metrics. Two runner-ups to version 3.7 are version 3.6 and version 2.1, where version

3.6 is more area-efficient and version 2.1 is more energy-efficient. Versions at 1.2 GHz tend to

have better energy efficiency, whereas versions at 2.29 GHz showcase better area efficiency.

6.10 Summary

DCT version 4.7 boasts the highest throughput, alongside being one of the more

energy-efficient and highest throughput per area implementations. This comes at the cost

of having a higher area overall as it is a multi-engine implementation.

DCT version 3.7, although not being the fastest single-engine implementation, is both

the best in terms of area and energy efficiency with high throughput utilizing only two cores.
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It additionally has the best SNR (version 4.7 uses version 3.7) among other implementations

due to optimizations in how data is extracted from the 40-bit accumulator. This includes

the removal of rounding techniques that were seen in implementations that did not use the

MAC. Version 3.7 @ 1.2 GHz achieves the best energy per word, and version 3.7 @ 2.29 GHz

achieves the highest throughput per area.

Version
Throughput
(MW/s)

SNR (dB) Area (mm2)
Throughput
per Area

(MW/s*mm2)
Power (W)

Energy per
Word

(nJ/Word)

EDP, Area
Normalized

((µJ*s*mm2/word2))

1.0 0.1869 57.77 0.05545 3.371 0.01300 69.56 20640
1.1 0.2280 57.87 0.05545 4.112 0.01300 57.02 13870
2.0 21.98 61.02 0.1109 198.2 0.02000 0.9100 4.592
2.1 80.62 61.02 0.2218 363.5 0.05500 0.6820 1.877
3.0 1.701 63.32 0.1109 15.34 0.02000 11.76 766.6
3.1 2.799 63.45 0.1109 25.24 0.02000 7.145 283.1
3.2 9.255 64.33 0.1109 83.45 0.02100 2.269 27.19
3.3 22.65 64.33 0.1109 204.3 0.02300 1.015 4.970
3.4 32.24 64.33 0.1109 290.7 0.02600 0.8060 2.774
3.5 43.41 64.33 0.1664 260.9 0.03900 0.8980 3.443
3.6 42.33 64.33 0.1109 381.7 0.03100 0.7320 1.919
3.7 51.03 68.41 0.1109 460.1 0.03200 0.6270 1.363
4.0 142.4 64.33 0.9981 142.7 0.1470 1.032 7.238
4.1 202.4 64.33 1.054 192.1 0.1850 0.9140 4.758
4.2 213.9 64.33 0.9981 214.3 0.1910 0.8930 4.168
4.3 179.9 64.33 0.8318 216.3 0.1840 1.023 4.730
4.4 191.0 64.33 0.8872 215.3 0.1930 1.010 4.693
4.5 211.6 64.33 0.8318 254.4 0.1950 0.9210 3.621
4.6 255.1 64.33 0.8319 306.7 0.1950 0.7640 2.492
4.7 306.1 68.41 0.9981 306.7 0.2310 0.7550 2.461

Table 6.1: Results @ 1.2 GHz
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Version
Throughput
(MW/s)

SNR (dB) Area (mm2)
Throughput
per Area

(MW/s*mm2)
Power (W)

Energy per
Word

(nJ/Word)

EDP, Area
Normalized

((µJ*s*mm2/word2))

1.0 0.3570 57.77 0.05545 6.432 0.03800 107.4 16690
1.1 0.4350 57.87 0.05545 7.847 0.03800 88.02 11220
2.0 41.94 61.02 0.1109 378.2 0.05900 1.405 3.715
2.1 153.9 61.02 0.2218 693.7 0.1620 1.053 1.518
3.0 3.246 63.32 0.1109 29.27 0.05900 18.15 620.1
3.1 5.341 63.45 0.1109 48.16 0.05900 11.03 229.0
3.2 17.66 64.33 0.1109 159.3 0.06200 3.503 21.99
3.3 43.23 64.33 0.1109 389.8 0.06800 1.567 4.021
3.4 61.53 64.33 0.1109 554.8 0.07700 1.245 2.244
3.5 82.84 64.33 0.1664 498.0 0.1150 1.387 2.785
3.6 80.77 64.33 0.1109 728.3 0.09100 1.131 1.552
3.7 97.38 68.41 0.1109 878.1 0.09400 0.9680 1.102
4.0 271.7 64.33 0.9981 272.2 0.4330 1.594 5.855
4.1 386.3 64.33 1.054 366.6 0.5450 1.411 3.849
4.2 408.1 64.33 0.9981 408.9 0.5630 1.379 3.372
4.3 343.2 64.33 0.8318 412.7 0.5420 1.579 3.827
4.4 364.5 64.33 0.8872 410.9 0.5690 1.560 3.797
4.5 403.9 64.333 0.8318 485.6 0.5740 1.423 2.930
4.6 486.8 64.333 0.8318 585.3 0.5740 1.180 2.016
4.7 584.1 68.41 0.9981 585.2 0.6805 1.165 1.991

Table 6.2: Results @ 2.29 GHz
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Chapter 7

Comparisons to Other Discrete Cosine Transform Im-

plementations

7.1 Overview

This section compares performance metrics of the KiloCore DCT implementations

against general-purpose devices. The technology node, throughput, area, execution time,

throughput per area, power, and energy per block are considered. All versions in this section

are tested against a 2048 by 2048 grayscale image, where only the size and type of image are

necessary for comparison, as this only looks at the DCT in isolation.

For this comparison, DCT implementation 3.7 stood out the most for highest efficiency

and highest throughput respectively. Results are taken from [] which represent results on

the NVIDIA Tesla T4 [15], NVIDIA GT-720m [3], Intel i5-4200M [3], and Altera Stratix

III [16]. Since power and area are not discussed in [15] and [3] for the GPU and CPU

results, both metrics were taken from each product’s specifications [17] [18] [19], where the

devices’ TDP are used to represent power consumption and die area to define the area. The

number of cores utilized for the i5-4200M was not stated either, and so results assume only

a single core was used, or half the die area. Because throughput was not stated in these

findings, throughput was extrapolated with Equation 6.1. Two additional KiloCore entries
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are added to the table to reflect the highest possible throughput (24-engine design) and most

energy-efficient designs (V3.7 at 115 MHz).

Throughput =
# of pixels

Execution T ime
(7.1)

Device Technology
Throughput
(MW/s)

Area (mm2)
Execution
Time (ms)

Throughput
per Area

(MW/s*mm2)
Power (W)

Energy per
Word

(nJ/Word)

Energy Delay
Product

(µJ*s/word2)

NVIDIA

Tesla T4

12nm 6533 545.0 0.6420 11.99 70.00 10.71 893.2

Altera

Stratix III

90nm 2234 133.0 1.870 16.80 0.4400 0.1961 11.67

NVIDIA

GT-720m

28nm 917.6 116.0 4.570 7.910 16.50 17.98 2273

Intel

i5-4200M

22nm 22.54 65.00 186.1 0.3470 18.50 820.9 2367000

KiloCore
V3.7 @ 1.2

GHz
32nm 51.03 0.1109 82.19 459.9 0.03200 0.6270 1.363

KiloCore
V3.7 @
2.29 GHz

32nm 97.38 0.1109 43.07 877.6 0.09400 0.9680 1.103

KiloCore
V3.7*24 @
2.29 GHz

32nm 2290 3.992 1.831 573.6 2.722 1.188 2.071

KiloCore
V3.7 @
115 MHz

32nm 4.888 0.1109 858.1 44.04 0.001320 0.2700 6.131

Table 7.1: Data Comparison Between KiloCore and General Purpose Hardware

The area for the Altera Stratix III was not given, so a crude estimation of the area

was made based on the number of (logic units, area, etc.) specified in [16] and the Stratix

III specification sheet [20].

To represent all devices with an even playing field, numbers have also been scaled

to 32nm. Accurate scaling between different technologies can be done with polynomial

equations discussed in the following work [21]. In particular, two important equations are

required when scaling for delay and energy. For the Altera Stratix III, FPGA frequency

scaling follows a different, slower trend than generally offered when scaling with technology,
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where scaling is more dependent on wire delay than on technology. As a result, the original

frequency scaling is maintained.

As described in [21], delay and power require scaling factors from the source tech-

nology and the target technology. The scaling factors for delay and power are shown in

Equations 7.2 and 7.3.

DelayFactor = ad3V
3 + ad2V

2 ++ad1V + ad0 (7.2)

EnergyFactor = ae2V
2 + ae1V + ae0 (7.3)

To scale to another technology, Equations 7.3 and 7.4 are used:

Delayx =
DelayFactorx
DelayFactory

∗Delayy (7.4)

Energyx =
EnergyFactorx
EnergyFactory

∗ Energyy (7.5)

In Equations 7.2 and 7.3, V represents the operating voltage of the device. As voltage

numbers were not explicitly given by any additional papers discussed in this work, an oper-

ating voltage of 1V was assumed for all devices except KiloCore. Coefficients in Equations

7.2 and 7.3 are discussed in [21].

Finally, scaled power is taken from the following Equation 7.6:

Power =
Energy per word ∗ Throughput

1000
(7.6)

64



Device

Scaled
Through-

put
(MW/s)

Scaled
Area
(mm2)

Scaled
Execution
Time (ms)

Scaled
Throughput
per Area

(MW/s*mm2)

Scaled
Power (W)

Scaled
Energy per

Word
(nJ/Word)

Scaled
Energy Delay

Product
(µJ*s/word2)

NVIDIA

Tesla T4

2428 2774 1.727 0.8753 146.1 60.16 68730

Altera

Stratix III

2234 21.28 1.877 105.0 0.1210 0.05417 0.5160

NVIDIA

GT-720m

862.0 162.4 4.860 5.307 20.92 24.28 4574

Intel

i5-4200M

19.12 115.9 213.7 0.1471 29.43 1539 10460000

KiloCore
V3.7 @ 1.2

GHz
51.03 0.1109 82.19 459.9 0.03200 0.6270 1.363

KiloCore
V3.7 @
2.29 GHz

97.38 0.1109 43.07 877.6 0.09400 0.9680 1.103

KiloCore
V3.7*24 @
2.29 GHz

2290 3.992 1.831 573.6 2.722 1.188 2.071

KiloCore
V3.7 @
115 MHz

4.888 0.1109 858.1 44.04 0.001320 0.2700 6.131

Table 7.2: Data Comparison Between KiloCore and General Purpose Hardware, Scaled to
32nm

7.2 Throughput and Execution Time of Various Device Imple-

mentations

Compared to KiloCore version 3.7*24 at 2.29 GHz, the NVIDIA Tesla T4 showcases

better throughput, yielding 1.06× better performance when both are scaled to 32nm. While

all GPUs and CPUs discussed were scaled to an older technology, the Stratix III is scaled

from 90nm to 32nm. As a result, it is the only device that sees improvement in performance.

KiloCore still maintains better throughput compared to the Altera Stratix III, NVIDIA

GT-720m, and Intel i5-4200M, beating these devices by 1.03×, 2.7×, and 120× respectively.
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7.3 Area of Various Device Implementations

KiloCore has the lowest area compared to other devices, with version 3.7 being at least

192x when compared to the Altera Stratix III at 32nm. This is especially true compared to

all other devices, even when unscaled. KiloCore is orders of magnitudes smaller than the

Tesla T4, GT-720m, and i5-4200M (25000×, 1460×, and 1170× respectively).

7.4 Throughput per Area of Various Device Implementations

KiloCore version 3.7 @ 2.29 GHz has the highest throughput per area, beating the

Altera Stratix III by 8.35× and up to 5966× when compared to the i5-4200M. This makes

it the most area-efficient design and a compelling option for integration on SoCs with strict

area constraints; designs requiring both minimal area and high throughput benefit greatly

from utilizing KiloCore as an area-efficient, high-throughput, and programmable compute

solution.

7.5 Energy per Block of Various Device Implementations

The Altera Stratix III beats all KiloCore implementations profiled, boasting about a

5x improvement in energy consumption per word processed compared to KiloCore’s DCT

version 3.7 at 115 MHz in which KiloCore operates at 0.56V. This difference grows for other

KiloCore DCT implementations that operate at higher voltages and area, beating the next

most efficient result by over 11×. However, KiloCore version 3.7 at 115 MHz is more energy

efficient than general-purpose hardware, beating these implementations by at least 90× and

up to 5700×.
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7.6 Area Normalized Energy-Delay Product of Various Device

Implementations

The Altera Stratix III boasts the highest energy-delay product, even when normalized

to area, owing to impressive energy efficiency. In this particular metric, KiloCore DCT

version 3.7 yields the highest energy-delay product among other KiloCore implementations.

However, when compared to the Stratix III, falls short, with the Stratix III FPGA yielding

2.14× higher energy-delay product when scaled to 32nm.

The energy-delay product showcases designs that achieve the best balance between

throughput, area, and area. While KiloCore falls short of the Stratix III, it only does so by

a very small margin, owing the KiloCore’s better throughput per area. Compared to other

devices profiled, it beats the Tesla T4 by 62484×, the GT-720m by 4158×, and the i5-4200M

by 9510000× when scaled to 32nm.
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7.7 Energy per Throughput vs Area per Throughput of Various

Device Implementations

Figure 7.1: Energy per Word vs Area per Throughput Unscaled
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Figure 7.2: Energy per Word vs Area per Throughput Scaled

Figures 7.1 and 7.2 show the energy per word versus the area per throughput both

unscaled and scaled. This graph showcases how a design balances area, throughput, and

energy. Being closer to the origin is better in this case.

As shown in Figures 7.1 and 7.2, all KiloCore implementations (except version 3.7

at 115 MHz, 0.56V) beat all other devices profiled in throughput per area. Unscaled, it is

orders of magnitude better than all other devices, with version 3.7 at 2.29 GHz beating all

other KiloCore implementations in this metric.

However, KiloCore loses on energy per word compared to the Stratix, which showcased

impressively low energy consumption. This is true when unscaled and further exemplified

when scaled to 32nm, being roughly an order of magnitude better than KiloCore implemen-

tations.
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7.8 Summary

KiloCore DCT implementations beat all other devices in terms of throughput and

area (and thus, throughput per area). When scaled to 32nm, KiloCore was notably able

to beat both GPU implementations as well as the FPGA in terms of throughput, yielding

better performance up to nearly 120×. Differences in area are much greater, with KiloCore

beating all devices in this particular metric by several orders of magnitude, at most over

10000×. As a result, KiloCore ultimately beats all profiled devices regarding area efficiency.

However, KiloCore DCT implementations fall short of the Altera Stratix III FPGA

in terms of energy consumed per word. Although beating the NVIDIA Tesla T4, GT-720m,

and Intel i5-4200M, KiloCore falls short of the Stratix III FPGA by roughly 5× at its best.

This additionally translates into the energy product delay, which boasts an ultimately 2.14×

advantage over the best KiloCore implementation in this instance.

Looking at these results overall, this work showcases two different options for DCT

implementations, with KiloCore far more optimized in terms of area, and the Stratix III

more optimized for energy. However, KiloCore’s high throughput and area efficiency make

it a competitive option compared to other general-purpose hardware on the market.
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Chapter 8

Conclusion and Future Work

8.1 Thesis Summary

This work summarizes current research on implementations of the discrete cosine

transform and inverse discrete cosine transform on a fine-grain many-core platform. This

novel architecture, fine-grain many-core, is defined, and details of the KiloCore processor

array, are explained.

Different DCT algorithms are defined and implemented in 20 different designs on the

KiloCore processor array, targeting image-processing applications. These designs showcase

architectural explorations enabled by this novel platform, utilizing both serial and parallel

designs. Fine-grain many-core implementations are profiled and compared against several

devices in throughput, area, power, energy, execution time, throughput per area, and energy-

delay product. Data from all devices are scaled to 32nm.

Results showcase very high improvements in area and throughput per area, beating

all devices in throughput per area by at least 8.35× and up to 5966× as well as in area

by at least 192× and over 25000×. Although the Altera Stratix III boasts very impressive

energy efficiency, beating KiloCore with a 5× improvement, this novel platform beats out

the NVIDIA Tesla T4 by 223×, the NVIDIA GT-720m by 90× and the i5-4200m by over

5700×. These results showcase KiloCore as a very competitive option for SoC design and
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integration in smaller devices.

8.2 Future Work

As it was only briefly discussed in this thesis, the exploration of a multi-stage DCT was

not fully realized in this work due to time limitations. This was briefly looked at in version

2.1 KiloCore DCT, which implemented row and column DCTs as two separate stages that

each computed half of a given matrix. This, however, was not explored in the explicit Row

and Column algorithm. While very area-efficient, multi-engine DCTs received additional

area penalties in fan-in cores. Exploration of splitting individual DCT engines into multiple

stages may help reduce this penalty as the necessity for additional fan-in (and potentially

fan-out) cores may be reduced.

Additionally, only three DCT algorithms were explored in this work: the straightfor-

ward 2D DCT, the AAN DCT, and Row and Column DCT. Many works cited in this thesis,

among other papers, have explored novel DCT algorithms that may further reduce computa-

tional complexity on a fine-grain many-core platform. Exploration of these algorithms may

further improve single-engine performance.
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