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Abstract—In this paper we present a fast data parallel
implementation of the radix sort on the DirectCompute software
development kit (SDK). We also discuss in detail the various
optimization strategies that were used to increase the performance
of our radix sort, and we show how these strategies can be
generalized for any video card that supports the DirectCompute
model. The insights that we share in this paper should be of
use to any General-Purpose Graphics Processing Unit (GPGPU)
programmer regardless of the video card being used. Finally, we
discuss how radix sort can be used to accelerate ray tracing and
we present some results in this area as well.

I.

I NTRODUCTION

Sorting algorithms is one of the most heavily researched
area in the history of computer science. These algorithms have
multiple applications in various areas since they are a necessary
step for fast information retrieval. For instance, specialized
sorting algorithms exist for external storage (databases) due to
their much slower access time.
On the other hand, sorting algorithms that operate on RAM
have been extensively studied for decades. The aim of this
research is to get greater performance. For instance, in [1],
Batcher investigates the use of sorting networks to increase
the performance of the bitonic sort. Later, Zagha and Blelloch
studied the problem of parallelizing the radix sort algorithm
[2].
Nowadays, it is possible for the masses to have access
to parallel computing architectures like multi-core processors, General-Purpose GPU (GPGPU) and Many Integrated
Core architectures [3]. In the area of sorting algorithms, the
Compute Unified Device Architecture (CUDA) data-parallel
primitive (CUDPP) library implementation included in the
Thrust productivity library [4] and presented by Merrill et al.
[5] is currently one of the fastest radix sort algorithms on a
GPGPU architecture.
One of the most eye-catching uses for the sorting algorithms on the GPGPU is the implementation of real-time
ray tracing. Ray tracing is a technique that simulates how
light is transported in a 3D scene and thus can achieve
photo-realistic images. However, it requires the computation of

several intersections between light rays and objects. Therefore,
in order to achieve real-time frame rates with ray tracing, it
is necessary to sort the geometry first. In this paper we will
exemplify the use of the GPGPU radix sort to implement a
real-time ray tracing engine.
As previously mentioned, the CUDPP library has the fastest
radix sort implementation for GPGPU [4]. This implementation has several optimizations that are CUDA-specific and,
therefore, make it hard to implement this algorithm in other
video cards while maintaining the same performance. In this
paper we focus on these optimizations and how they can be
generalized to remove their dependencies from the CUDA
SDK, therefore making it possible to write competitive radix
sort algorithms in a multitude of video cards.
The implementation presented in this paper was done on
DirectCompute, so it runs on AMD Radeon, Intel and NVIDIA
video cards. However, the discussion of the optimizations
should allow the implementation of a fast radix sort using
other GPGPU programming interfaces like Open Computing
Language (OpenCL), and they should also prove useful for the
fine-tuning of other GPGPU algorithms.
II.

R ELATED W ORK

Owens et al. present a survey in [6] of a mapping of various
algorithms into the GPGPU architectures. This is also a good
introductory read to the area of GPU computing as it presents
several basic concepts and a multitude of algorithms including
sorts.
Hillis et al. [7] describe a data parallel algorithm to sum
an array of n numbers that can be computed in time O(log n)
by organizing the addends at the leaves of a binary tree and
performing the sums at each level of the tree in parallel. This
algorithm is the base for the implementation of an efficient
scan algorithm, which in turn is a building block necessary
for a fast radix sort algorithm.
Blelloch [8] presents an early specification of the radix
sort and scan algorithms for generic parallel architectures. The
current radix sort implementations for data parallel computing

architectures are based on the scan algorithms presented in this
book.
Harris et al. discuss an efficient implementation of the
prefix sum in [9] for CUDA. The prefix sum is an algorithm
that can be used to increase the performance of the radix
sort by pre-computing the offsets where the elements will
be stored. In this way, when elements are swapped during
the sort, the algorithm already knows a lower index for each
element. Further code and details are provided in [10] where
segmented scan, intra-block scan, intra-warp scan and global
scan algorithms are presented, again for the CUDA SDK.
In [11], Satish et al. describe the design of a highperformance parallel radix sort for GPGPUs. Their discussion
is centered around the CUDA SDK. At the time the paper
was published it was the fastest implementation of the radix
sort. The core of their optimization relies on reducing the
global communication between different threads to a minimum
by breaking tasks into sizes that are compatible with the
underlying hardware; minimizing the number of scatters to
global memory and maximizing the coherence of scatters. The
last point is achieved by using an on-chip shared memory to
locally sort data blocks.
Merrill et al. [5] superseded the Satish work by presenting
a high performance and scalable radix sort implementation
where it applies a radix sort strategy based on the fusion of
kernels, multi-scan and thread-block serialization reducing the
aggregate memory workload and thread synchronizations.
Fig. 1.

In [12], Eric Young discusses several optimization strategies for the DirectCompute SDK; but it also relies on the
CUDA architecture for his discussion. In that presentation are
discussed techniques such as coalesced access, proper thread
group shared memory usage, memory bank conflicts, maximization of hardware occupancy and proper decomposition of
tasks to void global synchronization and other subjects are
discussed.
It can be seen that most material on GPGPU optimization
is centered on the CUDA SDK. In this paper, we take several
points from this material and extend the discussion to other
hardware architectures.

III.

DATA PARALLEL C OMPUTING

AMD Radeon HD 7970 Block Diagram [13].

A. GPGPU Architectures
This section presents the HW architecture of three different
GPU architectures that can be used for data parallel computing
implemented in the DirectX 11 Compute Shader:
1)
2)
3)

AMD Radeon HD 7970 Graphics
NVIDIA Geforce GTX780
Intel HD Graphics 4000

It is not the purpose of this section to compare the performance between these three architectures; instead, we will focus
on providing the HW and SW details to implement a portable
fast radix sort implementation across these architectures.

General-Purpose computing on graphics hardware can
provide a significant advantage to implement efficient data
parallel algorithms. Today modern GPGPUs provide high
data throughput, memory bandwidth, high-level programming
languages to abstract the programmable units. The programing
environments abstract these hardware programmable units to
allow efficient data parallel processing, data transfer, matching
the parallel processing resources and memory system available
on the GPU.

1) AMD Radeon HD 7970 Graphics: The AMD Radeon
HD 7970 is based on the AMD’s Graphics Core Next (GCN)
architecture [13]. This video card has 32 compute units (CU).
Each CU has 4 SIMD units for vector processing and each
SIMD unit is assigned its own 40-bit program counter and
instruction buffer for 10 wavefronts and it can execute up to 40
wavefronts. A wavefront groups 64 threads running in parallel.
Thus the AMD Radeon HD 7970 video card can issue up to
81,920 work items at a time in 2048 stream processors. Figure
1 shows a block diagram of the Radeon HD 7970 architecture.

While this programmability was first used to accelerate
graphic applications, it has transformed the GPGPUs into
powerful platforms for high performance computing with a
wide variety of applications such as sorting algorithms, matrix
multiply, ray tracing, collision detection, linear algebra, etc.

2) NVIDIA Geforce GTX780: The NVIDIA Geforce
GTX780 video card is based on NVIDIA’s Kepler architecture
[14] and consists of twelve next-generation Streaming Multiprocessors (SMX) with 192 CUDA cores per SMX. Thus
the GeForce GTX 780 implementation has 2304 CUDA cores.

Figure 2 shows a block diagram of the GeForce GTX 780
architecture [14].

Fig. 2.

NVIDIA GeForce GTX 780 Block Diagram [14].

The SMX schedules threads in groups of 32 parallel
threads called warps. Each SMX features four warp schedulers
and eight instruction dispatch units, allowing four warps to
be issued and executed concurrently and two independent
instructions per warp can be dispatched on each cycle.
3) Intel HD Graphics 4000: Intel HD Graphics 4000 is
a GPU that is integrated in the 3rd generation Intel Core
processor [15]. This GPU contains 16 execution units (EU)
with 8 threads/EU. Figure 3 shows a block diagram of the
Intel Processor Graphics architecture.

Fig. 3.

Overview of the Intel Processor Graphics [15].

and enable the GPU processing units for general purpose
programing. This programmable shader is designed and implemented with HLSL [20]. HLSL abstracts the capabilities of the
underlying GPU HW architecture and allows the programmer
to write GPU programs in a HW-agnostic way with a more
familiar C-like programming language [21].
1) GPGPU programing Model: The programing model
used for general purpose computing in GPUs is Single Program
Multiple Data (SPMD) which means that all threads execute
the same code. Today, GPU’s can process hundreds of threads
in parallel form, a thread is also called “work item”or element.
Threads are grouped into blocks that can be seen as arrays of
threads. The blocks are grouped to form a grid of threads in
which, each thread has an ID that can be use to calculate its
position within a group or the grid by using a 3D vector (x,y,z).
2) GPGPU Memory Model: The understanding of the cost
and bottlenecks of the memory access can help improve
the performance of a program running in a GPU [22]. The
threads in a GPU application perform to the following memory
requests:
•

Private Memory
◦ Fastest access
◦ Visible per thread
◦ Thread lifetime

•

Shared Memory
◦ Shared across threads within a Group
◦ Very low access latency
◦ Block lifetime

•

Global
◦
◦
◦

•

Constant Memory
◦ Short access latency
◦ Read only
◦ Kernel/Dispatch execution lifetime

Memory
Accessible by all threads as well as host (CPU)
High access latency and finite bandwidth
Program lifetime

Based on the memory access characteristics, we can design
a strategy to maximize the memory bandwidth utilization,
minimize the access latency and improve the performance in
memory request such as, in the case of scatter and gather which
are one of the most frequent operations in the implementation
of sorting algorithms and suffers from low utilization of the
memory bandwidth and consequently long memory latency.

B. General-Purpose Programing in GPUs
The main application programing interface (API) environments used to develop general-purpose applications on
GPUs are the NVIDIA’s CUDA C [16], Microsoft DirectX 11
DirectCompute [17] and OpenCL [18]. These APIs provide
a C-like syntax programing environment with tools to easily
build and debug complex applications [19].
Unlike DirectCompute and OpenCL, CUDA-enabled GPUs
are only available from NVIDIA architecture. We will use
DirectCompute for our radix sort implementation in order to
enable the execution across different hardware architectures.
The DirectCompute is a programmable shader stage that expands Microsoft’s Direct3D 11 beyond graphics programming

IV.

R ADIX S ORT

Radix sort is a sorting algorithm that rearranges individual
components of the elements to be sorted (called keys) represented in a base-R notation. In high data-parallel computing
architectures, it is very efficient to implement radix sort
algorithms using integers that can be decomposed in keys
represented as binary numbers with R = 2 or a power of
two R = 2s . It also helps if the keys are aligned with integer
boundaries that match the size of the GPU registers. However,
this algorithm is not limited to sorting integers, it can be used
for sorting any kind of keys including string and floating point
values.

There are two different approaches to implement a radix
sort algorithm:
1)
2)

Most significant digit (MSD) radix sorts and
Least significant digit (LSD) radix sorts

The first group examines the digits of the keys in a leftto-right order, working with the most significant digits first.
MSD radix sorts process the minimum amount of information
necessary to get a sorting job done. The LSD radix sort
examines the digits in a right-to-left order, working with
the least significant digits first. This approach could spend
processing time on digits that cannot affect the result, but it
is easy to mitigate this problem and the latter group is the
method of choice for most of the sorting applications.
To illustrate how an LSD radix algorithm with R = 10
works, consider the input array of 2-digit values shown in
Figure 4. The sorting algorithm consists of 2 passes extracting
and rearranging the i-th digits of each key in order from
least to most significant digit. Each pass uses R counting
buckets to store the digits based on the individual values from
0 to R − 1 to compute the destination index at which the
key should be written. The destination index is calculated
by counting the numbers of elements in the lower counting
buckets plus the index of the element in the current bucket.
Having computed the destination index of each element, the
elements are scattered into the output array in the location
determined by their destination index.
A. Radix Sort implementation in DirectX 11
The radix algorithm implementation in the DirectX 11
Compute Shader sorts an input array of 32-bit numbers decomposed in 4-bit keys of integers in a radix base of R = 24 .
This requires 16 counting buckets in each pass. In order to
parallelize the algorithm in the GPGPU, the input array is
divided into blocks that can be processed independently in
a processing core. This approach was described by [11] and
[23].

Fig. 4.

LSD radix R=10 sort diagram.

Fig. 5.

Radix Sort R = 23 .

The algorithm sorts an input array of 32-bit numbers for
the least significant 4-bit digit in 8 cycles. Each cycle uses
three dispatches:
1)

2)
3)

Each block sorts in local shared memory the 4-bit
keys according to the i-th bit using the split primitive
described in [8] and [11] and compute offsets for the
16 buckets
Perform a prefix sum over the global buckets
Compute the destination index into the global array

After the 8 cycles, the output array is transferred to external
memory back to the host system.

with respect to the i-th bit extracted in each cycle, in order
from least to most significant as shown in Figure 5.

1) Local Sort Dispatch: The local sort dispatch performs
a scan operation in an input array of 4-bit keys. The array
is divided in blocks. Each block uses 512 threads and each
thread processes one 4-bit key in LSD order. The process uses
a local scan in shared memory. At a high level, the local sort
dispatch is a radix R = 2 sort algorithm that is performed in
each block, scanning one i-th bit from each key from least to
most significant bit, then the keys are split placing all the keys
with a 0 in that digit before all keys with a 1 in that digit .
This process is repeated s times to sort the input list of N keys

In the local sort step, each thread processes one element of
the input array, extracting a bit of the key to be passed as the
argument “pred”to the split operation. The scanBlock function
performs a scan operation to obtain the total number of true
predicates and the number of threads with lower groupIndex
that have a true value in pred. With these values we can
calculate the output position of the key for the current i-th
bit-digit value (see Figure 6). The input array of 4-bit keys
will be sorted after four successive split and scatter operations
in local shared memory.

Fig. 6.

Split primitive block diagram.

The scan is a common operation for data-parallel
computation, it is best known as the “all prefix-sum”operation.
Blelloch [8] describes the scan as a primitive operation that
can be executed in a fixed unit of time. The exclusive scan
primitive takes a binary operator ⊕ with identity i, and an
ordered array [a0, a1, ..., an–1] of n elements, and returns the
ordered array [i, a0, (a0 ⊕ a1), ..., (a0 ⊕ a1 ⊕ ... ⊕ an–2)].
An “inclusive scan”version of this algorithm also returns an
ordered array [a0, (a0 ⊕ a1), ..., (a0 ⊕ a1 ⊕ ... ⊕ an–1)].

Fig. 7.

Memory Access Pattern of the Parallel Scan Operation.

Fig. 8.

Constructing a ScanBlock() function.

For example, applying the operator ⊕ as an addition to
the following array:
A=[ 3

11

21

27

38

50

62 ]

The exclusive scan would return:
scan(A, +, excl) = [ 0 3 14 35

62

And the inclusive scan output would be:
scan(A, +, incl) = [ 3 14 35 62 100

100
150

150 ]
212 ]

In the case of the exclusive scan, the first value is the
identity element for the operator that in this case is 0.
Sengupta et al. [10] presented an efficient parallel scan
algorithm optimized to take advantage for the CUDA programming model and wrap granularity of the NVIDIA hardware
architecture in order to maximize the execution efficiency. By
using this approach the threads executed within a block can
be organized in groups to shared memory and take advantage
of the synchronous execution of threads in a warp to eliminate
the need for barrier synchronization.
The algorithm to perform a scan operation with segmented
warps/wavefronts of k threads implements the parallel scan
algorithm presented by Hillis [7]. Figure 7 depicts the memory
access pattern to implement this method. This function has the
ability to select either an exclusive or inclusive scan operation
via
L the scanType parameter. This algorithm applies the operator
, across a block of size b = (THREADS PER BLOCK),
O(k log2 k) times for a warp/wavefront of size k.
Using this Scan primitive we can build a function to scan all
the elements in a block arranging all the threads in groups of k
threads. The Scan Block function implementation is shown in
the Block diagram of Figure 8. This ScanBlock function does
O(b log2 k) work for a block of size b and a multiple of k
containing kb warps/wavefronts, and each thread processes one
value of the block. Then the LocalSort dispatch for a global

array of size n will have
O(n log2 k).

n
b

blocks with a work complexity of

The offsets function stores the bucket offsets corresponding
to the initial location in a block for each radix digit and
computes the number of keys in each of the 2s buckets
by counting the sorted digits for each block based on the
individual values from 0 to 2s − 1. This counting is easily
obtained by calculating the difference between adjacent bucket
offsets. These values are written into a global buckets matrix
that stores the counting values per block.
2) Prefix Sum Over the Global Buckets Matrix: The bucket
sizes are obtained by performing a prefix sum dispatch on the
buckets matrix. The prefix sum can be done by applying the
scan function explained in the LocalSort dispatch section.
3) Compute the Global Destination index: The global
scatter dispatch computes the global position of the number
locally sorted at its block level with respect to the 4-bit key
being processed by adding its local offset in the block to the
offset in its bucket.
V.

R ESULTS

This section analyzes the performance of the Radix Sort
implementation in the DirectX 11 Compute Shader running our
algorithm in an AMD Radeon HD 7970 and NVIDIA Geforce
GTX780 GPU; and compares the execution times to the Radix
Sort implementation in the Thrust CUDA library running
on the NVIDIA Geforce GTX780. The results obtained in
the Intel HD Graphics 4000 GPU are not included in the

Fig. 9. DirectX 11 Compute Shader Radix Sort Performance in AMD Radeon
HD 7970 and NVIDIA Geforce GTX780 GPU’s compared with Thrust CUDA
radix sort running in the NVIDIA Geforce GTX780 GPU.

comparison because it is integrated in a mobile platform. The
NVIDA Geforce and AMD Radeon GPU’s used are add-in
cards for Desktop and workstation platforms where physical
space and power consumption are not a constraing allowing
higher graphics performance.
The timings were performed with varying number of inputs
ranging from 65000 to 16 million elements. The running time
measured in milliseconds is averaged over 100 runs, with the
inputs redistributed randomly for each run. The running times
do not include the data transfer time between CPU and GPU.
As seen in the Figure 9, the radix sort implementation in
the Thrust CUDA library gives the best performance and the
compute shader implementations running in AMD Radeon HD
7970 gives competitive performance for 2 million elements.
With bigger arrays the Thrust CUDA implementation is 1.7×
to 2× faster.
It is clear that the radix sort implementation in the Thrust
library [4] is highly optimized for CUDA and also applies
dynamic optimizations to improve the sorting performance and
increase the speed by 2×, which is consistent with the results
showed.
Figure 10 shows the execution times on the Intel HD
Graphics 4000 GPU with the intention of demonstrating that
the algorithm can be executed on any GPU with support for
DirectX 11 Compute Shader.
VI.

R ADIX S ORT A PPLIED IN R AY T RACING

Ray tracing is an advanced illumination technique that
simulates the effects of light by tracing rays through the screen
on an image plane [24]. However, the computational cost is
so high that ray tracing has mostly been used for offline
rendering [25]. Nevertheless, real-time ray tracing applications
are available today due to constant hardware improvements and
algorithmic advances, which yield more efficient algorithms.
Ray tracing is traditionally known to be a trivially-parallel
implementation problem given that the color computation for
each pixel is independent from its neighbors. On the other
hand, both CPUs and GPUs are becoming more powerful year
after year; but they are intrinsically different architectures,

Fig. 10. DirectX 11 Compute Shader Radix Sort Performance in the Intel
HD Graphics 4000 GPU.

thus, it is also necessary to have a proper understanding of
the interaction between algorithms and hardware in order to
achieve a good performance. In any case, memory-handling
remains a constant bottleneck [26], and it is one of the key
points needed to achieve high frame rates.
To solve the memory bottleneck, efficient data structures
are needed. These structures should allow fast memory access
and fast ray-geometry intersection discovery. Currently, it is
common to use acceleration structures to avoid unnecessary
calculations during ray traversal. The most used acceleration
structures are kd-trees, Bounding Volume Hierarchies (BVHs)
and grids, and their variants [27]. At the core of the acceleration structures based on trees lies the implementation of a
sorting algorithm in order to perform a fast tree construction.
For dynamic scenes it is usual to rebuild the acceleration
structures from scratch in each frame, therefore a fast sorting
algorithm is of paramount importance. In most cases, the
sorting algorithm used is the radix sort.
A stackless Linear BVH (SLBVH) implementation presented in [28] uses a bitonic algorithm to sort the primitives of
the models in order to accelerate the construction of the tree
structure. That implementation allows the building of models
as big as 218 (262,144) primitives. The use of a radix sort
can allow the building of bigger models from scratch on every
frame.
Figure 11 shows a ray tracing application [29] executing the
Stanford Bunny (69,451 primitives), Stanford Dragon (871,414
primitives) and Welsh Dragon (2,097,152 primitives) models
rendering in real time using the SLBVH in AMD Radeon
HD 7970 GPU. Our radix sort was used to accelerate the
construction of the SLBVH tree. The application is using gloss
mapping, Phong shading, one ray for shadows with one light
source. Eight cameras with different positions and directions
were set-up to measure the frame rate of the scenes.
The whole tree hierarchy is rebuilt in each frame, thus
allowing real-time ray tracing with dynamic scenes.
Table I presents the construction times of the SLBVH using
our radix sort algorithm compared with a BVH-SAH CPUbased implementation based on the BVH of the PBRT framework [30]. The BVH construction was executed on a 3.19GHz
Intel Core i7 CPU with 6Gb of DDR3 RAM compiled as a

that is competitive against the Thrust CUDA library; with the
additional advantage that it can run on any Compute Shadercompliant computing platform.
Finally, the algorithm was also used in a ray tracing
application demonstrating its efficiency in the reconstruction
of acceleration structures for real-time ray tracing, allowing
the rendering of dynamic scenes at interactive frame-rates.
Fig. 11. Bunny (69K primitives, 77 FPS), Stanford Dragon (871K primitives,
23 FPS) and Welsh Dragon (2M primitives, 18 FPS) ray traced in real time
with full tree reconstruction on each frame using our radix sort algorithm.
TABLE I.

ACCELERATION S TRUCTURE C ONSTRUCTION T IMES
Model

Structure

Construction

Bunny(69K)

BVH CPU
SLBVH GPU

0.142 sec
0.013 sec

Dragon(871K)

BVH CPU
SLBVH GPU

2.091 sec
0.043 sec

Welsh-Dragon(2.2M)

BVH CPU
SLBVH GPU

5.161 sec
0.083 sec

32-bit application. The SLBVH GPU construction is using our
radix sort implementation in AMD Radeon HD 7970 GPU.
The results showed a very high advantage of the data parallel
construction in GPU, this is a key factor in the reconstruction
of acceleration structures for real-time ray tracing.
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