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Abstract

Graphics Processing Units (GPUs) have emerged as im-
portant players in the transition of the computing industry
from sequential to multi- and many-core computing. We
propose a software framework for execution of domain-
specific parallel templates on GPUs, which simultaneously
raises the abstraction level of GPU programming and en-
sures efficient execution with forward scalability to large
data sizes and new GPU platforms. To achieve scalable
and efficient GPU execution, our framework focuses on two
critical problems that have been largely ignored in previ-
ous efforts - processing large data sets that do not fit within
the GPU memory, and minimizing data transfers between
the host and GPU. Our framework takes domain-specific
parallel programming templates that are expressed as par-
allel operator graphs, and performs operator splitting, of-
fload unit identification, and scheduling of off-loaded com-
putations and data transfers between the host and the GPU,
to generate a highly optimized execution plan. Finally, a
code generator produces a hybrid CPU/GPU program in ac-
cordance with the derived execution plan, that uses lower-
level frameworks such as CUDA. We have applied the pro-
posed framework to templates from the recognition domain,
specifically edge detection kernels and convolutional neural
networks that are commonly used in image and video anal-
ysis. We present results on two different GPU platforms
from NVIDIA (a Tesla C870 GPU computing card and a
GeForce 8800 graphics card) that demonstrate 1.7 - 7.8X
performance improvements over already accelerated base-
line GPU implementations. We also demonstrate scalabil-
ity to input data sets and application memory footprints of
6GB and 17GB, respectively, on GPU platforms with only
768MB and 1.5GB of memory.

1. Introduction

Graphics processors, which have traditionally been used
to execute only graphics workloads, have emerged as
promising alternatives to accelerate a wide range of highly
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parallel, compute-intensive applications. From an archi-
tectural perspective, GPUs have evolved from specialized
application-specific circuits into relatively general-purpose
architectures (called GPGPUs) that can be programmed to
execute arbitrary computations. GPGPUs already integrate
a large number of parallel processing cores (16-240) into
a single chip, and could therefore be regarded as early in-
stances of “many-core” processors. Finally, the economies
of scale enabled by the mass-market usage of GPUs in desk-
top computers, laptops, and even mobile devices, makes
them very attractive in terms of performance/price ratio. In
the near future, most computing systems in use will already
have GPGPUs that could be leveraged to perform other
computations.

Due to the great promise of GPUs, recent years have
witnessed myriad interesting applications being parallelized
on them. Some examples include computational fluid dy-
namics, molecular simulations, biomedical image process-
ing, securities modeling in finance, seismic data analysis
for oil and gas exploration, image and video processing,
and computer vision [2, 15]. However, many challenges
remain to be addressed before the potential of GPUs can be
truly harnessed on a broader scale. Despite significant ad-
vances in GPU programming, thanks to frameworks such as
NVIDIA’s CUDA [15] and AMD’s Stream SDK [4], writ-
ing high-performance GPU programs remains a task that
requires familiarity with the GPU architecture. The perfor-
mance of a GPU program is impacted significantly and in
complex ways by factors such as how the computation is or-
ganized into threads and groups of threads, register and on-
chip shared memory usage, off-chip memory access char-
acteristics, synchronization among threads on the GPU and
with the host, and data transfer between the GPU memory
and host memory. Due to these challenges, GPUs still re-
main inaccessible to domain experts who are used to pro-
gramming in very high-level languages. The approach of
application-specific GPU ports by GPU programming ex-
perts is not scalable in terms of programming effort.

We believe that the next significant step in the evolution
towards GPU computing is the development of program-



ming frameworks that address the aforementioned chal-
lenges. We are not the first to recognize this need; recent
efforts along this direction can be divided into three cate-
gories (i) libraries and run-times that implement data paral-
lel programming models such as MapReduce on GPUs [1,
6, 11, 14], (ii) compilers and auto-tuners for GPUs [19, 18,
13, 16], and (iii) stream programming frameworks such as
Peakstream, Rapidmind [17], and BrookGPU [5].

In this paper, we propose a framework for efficient and
scalable execution of domain-specific parallel templates on
GPUs. Our domain-specific templates include computa-
tions that can be represented as a graph of parallel opera-
tors. We believe that the use of domain-specific templates
effectively bridges the abstraction gap between domain ex-
perts (algorithm designers) and current GPU programming
frameworks (such as CUDA). Furthermore, we believe that
the information embodied in these templates can be ex-
ploited to achieve GPU execution with high efficiency (per-
formance) and scalability. An important aspect of our work
is the focus on applications with data sizes that do not fit
within GPU memory. Owing to the higher cost and speed
of GPU memories, the amount of memory on most GPU
platforms is both limited and fixed (i.e., cannot be upgraded
by the end-user). As a result, many interesting applications
have data sets that do not fit into the GPU memory. Such
applications pose a particular challenge to the programmer,
who needs to explicitly break down the computations and
associated data structures so as to fit within the limited GPU
memory, specify the sequence of GPU operations and data
transfers, and manage the allocation of GPU memory and
the explicit copying of data back-and-forth between the host
memory and the GPU memory to achieve correct and effi-
cient execution.

The proposed framework consists of compilation steps
that generate an optimized execution plan for a specified
template, and a code generator that produces a hybrid
CPU/GPU program in accordance with the generated exe-
cution plan. We consider domain-specific templates that are
represented as graphs of parallel operators, where the mem-
ory footprints of the operators and their data-dependencies
are statically defined, and their scaling behavior with re-
spect to input data size is fully understood. We utilize
techniques such as operator splitting, and offload and data
transfer scheduling, to generate an efficient execution plan
that is feasible for the given GPU memory capacity. Re-
targeting to different data sizes and GPUs with different
memory capacities is automatic and abstracted from the ap-
plication programmer, who simply views the templates as
parametrized APIs that implement specific algorithms.

We have implemented the proposed framework and ap-
plied it to algorithms from the recognition application do-
main. Specifically, we consider edge detection from im-
ages and convolutional neural networks (CNN5s), which are

representative of pre-processing and core machine learn-
ing computations that are performed in recognition appli-
cations. Our framework allows applications written using
GPU-independent domain-specific APIs to automatically
execute on NVIDIA’s GPU platforms using the CUDA li-
brary. We evaluated the proposed framework on two plat-
forms: (i) a Dell Precision T5400 workstation with two
quad-core Intel Xeon E5405 processors and 8GB memory,
and NVIDIA’s Tesla C870 GPU computing card (128-core
GPU with 1.5GB memory), and (ii) an Intel Core 2 Duo pro-
cessor with 8GB of memory and NVIDIA’s GeForce 8800
GTX graphics card (128-core GPU with 768MB memory).
Our results demonstrate that the proposed methodology re-
sults in performance improvements from 1.7X to 7.8X on
applications with memory footprints of 6GB and 17GB over
a baseline manual GPU implementation. We also demon-
strate automatic re-targeting of templates for different data
sizes and target GPU platforms using the proposed frame-
work.

2. Motivation

The overarching motivation for our work is to bridge
the abstraction gap between domain-experts who are used
to programming in very high-level languages and the state-
of-the-art in GPU programming (such as CUDA), which is
still relatively “low-level”. However, the adoption of any
high-level programming framework depends on the perfor-
mance of the programs that are executed using it. Achiev-
ing abstraction with poor performance is no more use-
ful than achieving performance through low-level program-
ming. With that in mind, we have focused on specific chal-
lenges related to performance when developing our frame-
work. The first is how to execute computations on GPUs
in the face of scaling data sizes, especially when the mem-
ory footprint does not fit in the physical GPU memory. The
second related challenge is how to achieve high efficiency
in offloading computations to the GPU by optimally uti-
lizing its memory and minimizing data transfer costs be-
tween the host and GPU. Addressing these problems also
improves the re-targetability of applications across different
GPU platforms. Frameworks such as CUDA provide func-
tional portability across different platforms from the same
vendor, but performance can be significantly impacted by
the different amounts of memory present in different GPU
platforms (in some cases it might even be infeasible to exe-
cute the operations due to limited memory). Our framework
enables application developers to also achieve performance
portability to new GPU platforms and larger data sets. The
issues that we address are complementary to other facets of
code optimization for GPUs that have been considered in
previous work [18, 19, 13].

In the rest of this section, we present examples to moti-



vate the need for scalability to data sizes that do not fit the
GPU memory, and the associated need for optimizing data
transfers in order to achieve efficient GPU execution.

2.1. Challenge 1: Scaling to data sizes
larger than the GPU memory

In order to demonstrate the need for scalability to large
data sizes, we consider an algorithm for edge detection from
images. We apply this edge detection algorithm to extract
edges from a high-resolution image that represents a histo-
logical micrograph of a tissue sample used for cancer di-
agnosis [7]. The original image and output edge map are
shown in Figure 1(a). The algorithm is depicted as a data-
flow graph of parallel operators in Figure 1(b), where the
ellipses represent operators and rectangles represent the in-
put, output, and intermediate data structures used in the al-
gorithm.
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Figure 1: Edge detection in histological micrograph images (a)
input/output images, (b) Algorithm used for edge detection, and
(c) Memory requirements for the edge detection algorithm as a
function of the input image size

Suppose that we would like to execute the edge detec-
tion algorithm shown in Figure 1(b) on the NVIDIA Tesla
C870 GPU computing platform that has 1.5 GB of memory.
Figure 1(c) presents the memory requirements for various

operators in the the edge detection algorithm as a function
of the input image size. The max operator has the largest
memory footprint (roughly nine times the input image size),
while the other operators C'1 —(C4, R1 — R4 have a memory
footprint of roughly twice the input image size. The graph is
divided up into regions for which different strategies must
be used in order to execute the edge detection algorithm
within the limited memory of the C870 platform. These
regions are separated by the vertical dashed lines, and the
corresponding strategies used for executing the algorithm
are indicated in the text above the graph.

e For image sizes of less than 150 MB, all the data struc-
tures associated with the edge detection algorithm fit
in the GPU memory.

e For image sizes between 150 MB and 166.67 MB, the
algorithm’s memory footprint exceeds the GPU mem-
ory. However, the algorithm can be split into two parts
- one executes the operators C'1 — C4 and R1 — R4,
and the second executes the max operator.

e For image sizes between 166.67 MB and 750 MB, the
maz operator itself does not fit in the GPU memory
and therefore it needs to be split.

e For image sizes between 750 MB and 1500 MB, the
operators C'1 — C'4 and R1 — R4 also need to be split
in addition to the max operator.

e For image sizes larger than 1500 MB, the input image
itself does not fit in the GPU memory and therefore
the entire algorithm needs to be divided to process the
input image in chunks.

Clearly, the task of manually writing a scalable GPU imple-
mentation of the simple edge detection algorithm, i.e., one
that can handle input images of various sizes, is quite chal-
lenging. The application programmer needs to separately
consider all the cases described above, determine the opti-
mal execution strategy for each case, and combine the var-
ious scenarios into a single implementation using a frame-
work such as CUDA. Debugging and maintaining such an
implementation is likely to be quite a formidable task. In
addition to that, problems arise when the code needs to be
executed on another GPU platform that has a different mem-
ory capacity. Lower-level frameworks such as CUDA do
not address the problem of automatically organizing com-
putations so as to fit within limited GPU memory - this task
is left to the application programmer.

Figure 1(c) also indicates the typical range of sizes of
histological micrograph images that are encountered in the
cancer diagnosis application. Clearly, the data sets are much
larger than the memory capacities of even high-end GPU



computing platforms. Many other applications in Recogni-
tion and Mining workloads [8] process large data sets, mak-
ing this challenge a common and important one to address.

Most of the GPU porting efforts to date typically assume
that all the data fits within the GPU memory. While GPU
memory capacities are certainly increasing, the rate of in-
crease is much slower than the growth in many of the data
sets that need to be processed. In order to achieve high inter-
nal memory bandwidth, GPUs use non-expandable GDDR
memory that is packaged with the graphics processor in a
single unit, and cannot be upgraded by the end user.

In summary, a critical need in GPU computing is to ad-
dress the challenge of executing workloads whose mem-
ory footprint exceeds the available GPU memory. A re-
lated challenge is to ensure that programs written for today’s
GPUs and data sets will work efficiently with the data sets
and GPU platforms of the future with minimal program-
mer effort. Finally, it is also desirable that applications can
be re-targeted to work on concurrently available GPU plat-
forms that have different memory capacities (e.g., high-end
and low-end product variants). This problem has not been
addressed in prior work on GPU computing.

An observation that falls out of the above example is that,
as data sizes increase, a given computation needs to be di-
vided up into smaller and smaller units in order to fit into the
GPU memory, leading to increased data transfers between
the CPU and GPU. This leads to the next challenge, namely
minimizing the overheads of data transfer between the host
and GPU.

2.2. Challenge 2: Minimizing data transfers
for efficient GPU execution

One of the major performance limiting factors in GPU
computing is the limited CPU to GPU communication
bandwidth. State-of-the art GPU cards using the PCle
bus achieve a host-to-GPU bandwidth of around 1-2GB/s,
which is much smaller than the internal memory bandwidth
of GPU platforms which is over 64GB/s. This limitation is
especially significant for applications that do not fit in the
GPU memory and hence need to frequently transfer data
structures between the host and GPU memory.

Figure 2 presents the breakdown of the time required to
perform edge detection on an image of size 8000 x 8000
with kernel matrices of varying sizes on the NVIDIA Tesla
C870 platform. For various kernel matrix sizes ranging
from 2 x 2 to 20 x 20, the figure presents the breakdown of
the total execution time into the time spent in data transfer
to and from the GPU memory, and the time spent in compu-
tation on the GPU. The data transfer time varies from 30%
of the overall execution time (for large kernel sizes, where
more computation is performed per unit data) to 75% of
the overall execution time for small kernel sizes. From our
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Figure 2: Execution time breakdown for executing image convo-
lution operations with varying kernel matrix sizes on a GPU
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experience with recognition applications such as edge de-
tection and convolutional neural networks, we found that
operations executed on the GPU generally spend up to 50%
of the total runtime in data transfers between the CPU and
GPU memory.

Current GPU programming models offer little help in
managing data movement. The programmer needs to ex-
plicitly write code to copy data structures between the CPU
and GPU, due to the fact that they have separate memory
spaces. If all the data structures needed do not fit in the
GPU memory, it is essential to manage the allocation of
GPU memory over the duration of execution to store the
most performance-critical data structures at any given time,
to achieve the best possible execution efficiency.

We observe that the data transfer overheads in GPU ex-
ecution are significantly influenced by the manner in which
an application is broken down into computations that are
atomically executed on the GPU, and the sequence of ex-
ecution of these computations. In the context of domain-
specific templates that are represented as graphs of parallel
operators, operator scheduling has a very significant impact
on the total volume of data transferred between the host and
GPU.

To illustrate the large impact that scheduling has on data
transfer overheads, we consider two alternative schedules
for the edge detection algorithm that are shown in Fig-
ures 3(a) and 3(b). For the sake of illustration, we assume
that the input image I'm is of size 2 units. Note that the con-
volution, re-mapping, and max operators have been split
into two in order to reduce their memory footprints. There-
fore, all other data structures £1’, E1”,...,E’ E" are of
size 1 unit each. We assume that the GPU memory capac-
ity is 5 units. Consider the two different operator schedules
shown in Figure 3(a) and 3(b). The schedule shown in Fig-
ure 3(a) executes the operators on the GPU in the sequence
Cy — Cy — Ry — R} — R, — RY — max; — maxs.
It can be shown that this schedule requires 15 units of data
transfer between the CPU and the GPU. On the other hand,
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Figure 3: Two alternative schedules for edge detection that illus-
trate the impact of operator scheduling on data transfers

the schedule shown in Figure 3(b) that executes the oper-
ators in the order C; — Cy — R} — R, — max; —
R} — RY — max, requires only 8 units of data trans-
fer. Since data transfers can take over 50% of the execution
time, the schedule shown in Figure 3(b) will result in a GPU
implementation that is much more efficient that the sched-
ule shown in Figure 3(a). In general, the optimal schedule
depends on the application characteristics (structure of the
operator graph and sizes of data structures), and GPU mem-
ory capacity. For large applications (we consider operator
graphs with thousands of operators), determining an effi-
cient schedule of operators and data transfers is quite chal-
lenging for an application programmer.

In summary, GPU execution frameworks should address
the challenges of scalability to data sizes that do not fit into
the GPU memory and efficient offloading by minimizing
the data transfer overheads. We discuss how our framework
addresses these challenges in the next section.

3. GPU Execution Framework

In this section, we describe the proposed GPU execu-
tion framework that addresses the two aforementioned chal-
lenges for scalable and efficient execution. We present an
overview of our framework in Subsection 3.1 and discuss
how it overcomes both the challenges in the remainder of
this section.

3.1. Overview

Figure 4 presents the proposed framework for execution
of domain-specific templates on GPUs.

The proposed framework takes as inputs a description
of the domain-specific template and parameters that char-
acterize the target GPU platform. It also assumes that an
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Figure 4: Proposed GPU Execution Framework

operator library that implements all the parallel operators
is available. The framework generates an optimized execu-
tion plan for the template that specifies the exact sequence
of offload operations and data transfers that are required
in order to execute the template. The significant steps in-
volved in the generation of the execution plan are as fol-
lows. The template is first represented as a parallel oper-
ator graph, wherein each vertex represents a parallel com-
putation, and the directed edges between vertices represent
the data dependencies. The next step identifies operators
whose memory footprint exceed the GPU memory capacity,
and performs operator splitting in order to split such opera-
tors |. The next step is to partition the operator graph into
offload units, or sub-graphs that are atomically offloaded
onto the GPU. Having coarser-grained offload units reduces
synchronization overheads between the host and the GPU,
however, the memory footprint may also increase and care
must be taken to ensure that each offload unit can be indi-
vidually executed within the available GPU memory. In our
implementation, the individual operators are taken to be the
offload units. The next step is to perform offload unit and
data transfer scheduling. Here, the offload operations to the
GPU are sequenced and a minimal set of data transfers are
inferred. The scheduling is performed so as to minimize the
total data transfer cost between the host and the GPU. Per-
forming these two tasks (operator splitting and scheduling)
simultaneously is difficult, and hence our framework han-
dles them in two steps at the cost of optimality. Further de-
tails about the operator splitting and offload and data trans-
fer scheduling steps are provided in subsections 3.2 and 3.3,
respectively.

A code generator takes the execution plan generated by
the previous steps, and generates a hybrid CPU/GPU pro-

! Arbitrary parallel operators are supported by the proposed framework,
as long as their memory footprints are statically defined, and splitting rules
are defined for operators that exceed the GPU’s memory capacity.



gram that uses the desired GPU programming framework
such as CUDA. The generated code and operator library
can be compiled together with a larger application, and ex-
ecuted on top of a lower-level GPU run-time library such as
CUDA.

3.2. Operator splitting: Achieving scalabil-
ity with data size

The first challenge is to ensure that the template can be
executed on the GPU regardless of its memory limitation.
We assume that the operators are split-able i.e., if the data
needed for an operation does not fit in the GPU memory, it
can be split (executed on several small portions of its input).
Splitting enables us to execute arbitrary sized computations
on the GPU, providing scalability. Data parallel operators
provide an easy target for splitting. However, our frame-
work can also handle other split-able, but not data parallel
operators (e.g, convolution and reduction).

The operator splitting algorithm can be summarized as
follows:

1. Compute the memory requirements of all operators
(sum of sizes of data structures associated with each
operator). Note that any operator whose memory re-
quirements are larger than the available GPU memory
cannot be executed without any modifications.

2. Split the operators whose memory requirements are
greater than the GPU memory. This step ensures feasi-
bility for all operators. When an operator is split, other
operators that produce/receive data from the split op-
erator also need to be modified.

3. Perform steps 1 & 2 until it is feasible to execute all
operators on the GPU.

We consider convolutions, which are not strictly data
parallel operations since they depend on a local neighbor-
hood of points. This results in a need for more intelligent
splitting that is dependent on the size of the convolution ker-
nel. For example, a 100 x 100 matrix convolved with a 5 x 5
kernel matrix results in an output of size 96 x 96(ignoring
borders). Splitting this operation into two must produce two
100 x 52 input matrices (not 100 x 50)and two 96 x 48 out-
put matrices. This size and offset computation can be done
by traversing the split graph from the leaves to the root and
inferring the sizes and offsets from the kernel and output
sizes.

The ability to split operators can be taken for granted in
the case of operators that are data parallel. For other op-
erators, one could provide splitting rules, or hints to the
framework to split the input/output data of an operator in
specific ways. For example, a large matrix-matrix multiply

that does not fit in the GPU memory can be split by break-
ing up one of the input matrices and the output matrix. In
the case of image convolutions, only the image matrix must
be split. The convolution kernel matrix (which is also an in-
put) should not be split. Even if an operator is not splitable,
our framework is usable as long as this operator fits in the
GPU memory.

3.3. Operator and data transfer scheduling

Once the operators are split such that every individual
operation can be run on the GPU, they will have to be sched-
uled at a macro level to get the most efficient code. Finding
the optimal schedule (in terms of minimal data transfers)
given a template whose operators are individually schedula-
ble is the key problem to be solved. We propose a heuristic
method to solve the problem that uses a depth-first heuristic
for scheduling the operators and a “latest time of use” based
data transfer scheduling heuristic. We also model the prob-
lem formally as a Pseudo-Boolean optimization problem in
Section 3.3.2. We discuss these methods in detail below.

3.3.1 Heuristic solution

The data transfer optimization problem can be thought of
as composed of two sub-problems - find a good operator
schedule, and then, find the optimal data transfer schedule
given this operator schedule.

Finding a good operator schedule is a difficult problem.
This problem is similar to a data-flow scheduling problem.
Since the aim is to maximize data reuse so that we need
not transfer things back and forth between the CPU and
GPU, we decided to adopt a depth-first schedule for the
operators. In a depth-first schedule we try to schedule
the entire sub-tree belonging to a child of a node before
exploring its sibling. If a node cannot be scheduled due
to precedence constraints (all its inputs are not ready), we
backtrack to its parent and explore its other children. The
drawback of the approach is that the operator schedule does
not take into account the GPU memory limitations at all.
While this heuristic can lead to reasonable results, there
is scope for improvement by using information about the
available GPU memory.

After a schedule for the operators is obtained, the data
transfers can be scheduled. The only constraint to this prob-
lem is the amount of GPU memory available. This problem
is similar to a cache replacement policy as we have a lim-
ited amount of fast memory where we would like to keep as
much data as possible. We know that the optimal solution
for the cache replacement problem is to replace cache lines
that are going to be accessed furthest in the future. Based
on this insight, we formulate a data transfer scheduling al-
gorithm as follows:



1. Calculate the “latest time of use” for each data struc-
ture (since the operator schedule is known, this can be
computed statically).

2. When a data structure needs to be brought into the
GPU memory (i.e., it is the input or output of the oper-
ator being executed at the current time step), and there
is insufficient space, move the data structures that have
the furthest “latest time of use” to the CPU until the
new data structure can be accommodated.

3. Remove data eagerly from GPU memory i.e., delete
them immediately after they become unnecessary.

The solution generated by above algorithm will be op-
timal for a given operator schedule provided all the data
structures are of the same size and are consumed exactly
once. If all the data structures are of different sizes, the
problem is equivalent to a bin-packing/knapsack problem
which is proven to be NP-Complete. However, we have
found that our heuristic works reasonably well in practice.

3.3.2 Formulation as a Pseudo-Boolean Optimization
Problem

The problem of optimizing CPU-GPU data transfers can be
written as a constraint satisfiability problem. In particu-
lar, it is possible to formulate it as a Pseudo-Boolean (PB)
optimization problem. The Pseudo-Boolean optimization
problem is a generalization of the satisfiability (SAT) prob-
lem. In a PB optimization problem, the variables are all
Boolean, the constraints can be specified as linear equali-
ties/inequalities and the objective function to be optimized
is a linear function of the variables.

The variables used in our formulation are as follows:

2, s 1 if operator ¢ is executed at time step ¢

gj¢ is 1 is data structure j is present in the GPU at time
step ¢

¢j,¢ is 1 is data structure j is present in the CPU at time step
t

Copy-to-GPU;, is 1 if data structure j has to be copied
from the CPU to the GPU at time step ¢

Copy_to_CPU,; is 1 if data structure j has to be copied
from the GPU to the CPU at time step ¢

done; ¢ is 1 if operator 4 has been executed by time step ¢
dead; ; is 1 if data structure j is not needed after time step ¢

The following constants are specific to the GPU platform
and the template:

Dj is the size of the data structure j

Total GPU_M emory is the total amount of GPU memory
present in the system

Output is the set of all the data structures that are outputs
of the template (needed on the CPU)

I'A; ; is 1 if data structure j is an input to operator ¢
OA, ; is 1 if data structure j is an output of operator 7

Our PB formulation is given in Figure 5. Constraints
(1-3) encode the precedence and scheduling requirements.
There must be only one operation executing on the GPU at
any given time. A task which is dependent on other tasks
(data dependencies) can only execute after its dependencies
are met. Constraint (4) specifies that at any time, the amount
of data stored on the GPU cannot exceed the GPU memory.
Constraints (5-8) encode the data movement and persistence
on the GPU. Specifically, the input and output data required
for an operation must exist on the GPU memory before it
can be executed. If they do not exist, then they have to be
copied to the GPU. For output data, enough space must be
reserved before the execution of the operation. Constraints
(9-10) specify similar properties for data in the CPU mem-
ory. Data resident on the CPU has to be invalidated if it is
overwritten by a GPU operation. Data copied to the CPU
or GPU remain there until moved, deleted or invalidated.
Constraints (11-12) specify the initial conditions (all data
resides on CPU, none on GPU). Constraint (13) gives the
final condition (outputs must be in CPU memory). Con-
straints (14-19) specify data liveness. Data that is required
in the future needs to be kept live (either in CPU or GPU
memory). Otherwise, it can deleted from the system.

We can solve this formulation using PB solvers like Min-
iSAT+ [9]. However, the number of constraints in this for-
mulation scale as O(N2M) where N is the number of oper-
ators and M is the number of data structures. This method
of solving it is feasible only for relatively small problems
(up to few tens of operators). For problems containing hun-
dreds or thousands of operators and data structures, solv-
ing the pesudo-Boolean optimization is practically infea-
sible. The heuristics mentioned in Section 3.3.1 are scal-
able, though may be suboptimal. When the operator sched-
ule is known, the number of constraints in the data transfer
scheduling problem scale as O(N M ). This problem is suf-
ficiently large that it cannot be solved exactly using pseudo-
Boolean solvers for large graphs.

Current GPUs have the ability to perform asynchronous
data transfer and computation at the same time (as long as
they are independent). This can be included in the formula-
tion by changing the objective function to count only those
transfers that involve data needed for the current computa-
tion. We did not overlap computation and communication
in our experiments since the GPUs that we used did not sup-
port this capability.

The Pseudo-Boolean formulation ignores the fact that
that GPU memory can get fragmented. In practice, the
Total GPU_Memory parameter in the formulation is set
to a value less than the actual amount of GPU memory
present in the system to account for fragmentation.
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Figure 5: Pseudo-Boolean Formulation of Offload and Data Transfer Scheduling

Example: To illustrate the scheduling of operators and data
transfers, we consider the edge detection template shown in
Figure 6(a). For simplicity of illustration, we once again
assume that the input image is of size 2 units, all other data
structures are of size 1 unit each, and the GPU memory ca-
pacity is 5 units. The optimal schedule obtained by solving
the Pseudo-Boolean formulation presented in Section 3.3.2
is indicated in Figure 6(a). Figure 6(b) shows a detailed
timeline with the actual sequence of data transfers and GPU
offload operations. At any time, the data structures that are
alive in the host and GPU memory are also indicated (the
width of the boxes representing data structures are propor-
tional to their size). The execution proceeds as follows:

e Initially, the input image is copied from the host mem-
ory to the GPU memory.

e Operator ] is executed on the GPU, generating data
structures Ff and Ei in the GPU memory. Ei is
copied back into the host memory in order to create
enough space for the next operator.

e Operator C5 is executed on the GPU, generating F,
and EY in the GPU memory. The input image Img is
now deleted from GPU memory since it is no longer
required, creating 2 units of space in the GPU mem-
ory 2

2The GPU memory occupied by Img may simply be released and re-
used by other data structures
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Figure 6: Operator and data transfer schedule (edge detection)




e Similarly, all the other operators
(R}, Ry,maxl, RY, RY and max2) are also exe-
cuted according to the schedule in Figure 6(b).

The execution sequence of operators on the GPU, and
data transfers to and from the GPU memory, is referred to
as an execution plan. In our framework, execution plans are
used by a code generation framework to statically generate
GPU code for the template that can be compiled and exe-
cuted on the GPU using a lower-level framework such as
CUDA. Alternatively, it is also possible to use a simple run-
time library to orchestrate execution of the corresponding
templates on the GPU.

4. Results

We present the results of using our framework on two
different applications that use the templates we described
earlier. We performed our experiments on two different sys-
tems. One system had a dual socket Quad core (Intel Xeon
2.00 GHz) as our primary CPU with 8§ GB of main memory
and an NVIDIA Tesla C870 as the GPU. The second sys-
tem had an Intel Core 2 Duo 2.66 GHz with 8 GB of main
memory and an NVIDIA GeForce 8800 GTX as the GPU.
The Tesla C870 has 1.5 GB of memory while the GeForce
8800 GTX has 768 MB of memory. Both the GPUs have the
same clock frequency (1.35 GHz) and degree of parallelism
(128 cores) and differ only in the amount of memory. The
two systems were running Redhat Linux and Ubuntu Linux,
respectively. CUDA 2.0 was used for GPU programming.

For comparison purposes, we propose the following
execution pattern as the baseline for GPU execution. For
each operator, transfer input data to the GPU, perform the
operation and copy the results back to the CPU immedi-
ately. There is no persistent storage in GPU memory. It
allows any operator to execute on the GPU without any
interference from other operators. However, this is subop-
timal when all the temporary data structures fit the GPU
memory (the optimal solution would be to move only the
overall inputs and outputs). Currently, most GPU porting
efforts implicitly make the assumption that the GPU mem-
ory is large enough to hold all the data. We are interested in
large problems where the data does not fit the GPU memory.

4.1. Description of Templates

4.1.1 Edge detection

Edge detection is one of the most important image process-
ing operations that is performed as a pre-processing/feature
extraction step in many different applications. Computa-
tionally, it involves convolving the input image with rotated

versions of an edge filter at different orientations and then
combining the results by doing a reduction such as addi-
tion/max/max absolute value, efc. The general template for
edge detection is given as follows :

edge_map = find_edges(Image, Kernel,

num_orientations, Combine_op)

This is similar to the template shown in Figure 1 (where
some convolutions are replaced by “remap” (R) operators).
We obtained this template from a cancer detection applica-
tion [7]. Edge detection alone contributes to about 30% of
the total runtime of the application.

We performed edge detection using a 16 x 16 sized edge
filter at four different orientations (2 convolutions and 2
remaps) and combined the results using a Max operation
as in Figure 1. The edge detection template is reasonably
small so we can apply the pseudo-Boolean solver to find
the optimal solution as described in Section 3.3.2.

We perform our experiments on both small (1000 x1000)
and large (10000 x 10000) input images to the template. The
results are also shown in Tables 1 and 2.

4.1.2 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are used exten-
sively in many machine learning tasks like handwritten
digit recognition, OCR, face detection, etc. We obtained
our CNN from an application that performs face and pose
detection of the driver through a vehicular sensor network.
This application is a CNN with 11 layers (4 convolutional
layers, 2 sub-sampling layers and 5 tanh layers). CNNs
involve a huge amount of computations in the form of
data parallel operations. The structure of CNNs is usually
very regular and symmetric and allows many different
permutations of operations to get to the same result. We
restrict ourselves to using simple non-separable 2D convo-
lutions, data parallel additions and tanh operations. In this
context, it becomes necessary to order the operations in a
convolutional layer (restricting the freedom in scheduling
the operations). The CNNs used were constructed based on
primitives in the torch5 library [3]. The operations involved
in a single convolutional layer (with 3 input planes and
2 output planes) and its transformation are illustrated in
Figure 7.

We applied our framework to two different CNNs (a
small CNN with 11 layers, 1600 operators, and 2434 data
structures and a large CNN with 11 layers, 7500 opera-
tors, and 11334 data structures). These CNN templates are
large enough that the operator scheduling and data trans-
fer optimizations were practically infeasible to solve opti-
mally using the pesudo-Boolean solver. These instances
were solved using the heuristics mentioned in Section 3.3.1.
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They were run on both GPUs with different input image
sizes (640 x 480, 6400 x 480 and 6400 x 4800). The base-
line GPU execution times are also given in Table 2.

4.2. Performance improvement and data
transfer reduction

Tables 1 and 2 present the results of optimizing for data
transfers between the CPU and GPU for the two different
systems. From the results, it is clear that our framework
helps in reducing the amount of communication between
the host and GPU and that this results in superior perfor-
mance. Entries in the table with “N/A” indicate infeasible
configurations (data exceeds GPU memory) or inconsistent
results (due to thrashing).

The final 2 entries in Table 2 gave inconsistent results.
The large CNN running on GeForce 8800 GTX gives very
erratic timing results. The amount of CPU-GPU memory
transferred under the optimization is close to the amount of
main memory (8 GB) in this case. It turns out that a sig-
nificant amount of this data is active on the CPU and this
leads to thrashing effects in main memory, thereby mak-
ing the execution time depend heavily on OS effects (like
paging and swapping). This was verified by looking at
the times actually spent inside the GPU device driver using
the CUDA profiler. Execution using our framework spends
51.33 seconds in the GPU driver (13.40 seconds in mem-
copy), whereas without our framework it spends 80.20 sec-
onds (52.92 seconds in memcopy). The rest of the time is
spent on the CPU.

4.3. Scalability
For scalability analysis, we performed experiments us-

ing the edge detection template. Figure 8 shows the plot
of the execution time versus the size of the input image on

the Tesla C870 platform. The edge template uses 16 x 16
kernels. We define the following configuration as the “best
possible” - Assume that the GPU has infinite memory and
all the operations can be combined into a single optimized
GPU kernel call. For the edge template, this corresponds
to a single GPU kernel that takes in the input image and
produces the output edge map directly. This is the optimal
implementation in terms of data transfers (only input and
output need to be transferred) and GPU call overhead (only
one GPU kernel call). From the figure, it is clear that our
methodology provides scalability and produces results that
are within 20% of the best possible. Note that the baseline
stops working (due to insufficient GPU memory) before the
input dimension reaches 8000.

Execution Time vs. Image Dimension

10000

9000 < Baseline

8000 = Best possible

7000 Proposed method
2 6000
% 5000
E 4000

=
3000

2000
1000

o 2000 4000 6000 8000 10000 12000

Image dimension

Figure 8: Performance of the edge detection template for scaling
input data size

As we can see, using our methodology gives excellent
speedups (1.7X to 7.8X) compared to baseline GPU imple-
mentations. With GPUs being increasingly used in general
purpose computations, the need for software frameworks to
hide their programming complexity has increased. Frame-
works like ours will be needed in the future to help manage
the complexity of heterogeneous computing platforms.

5. Related Work

A significant body of work has addressed the develop-
ment of GPU programming frameworks and tools. The
framework that is closest to ours conceptually is Acceler-
ator [20]. Accelerator uses a operation graph representation
of programs to map them to GPUs. However, the concerns
of Accelerator are very different - it assumes that GPUs are
not general-purpose, generates code in shader language, and
tries to merge operations aggressively as it assumes that the



Table 1: Results - reduction in data transfer between the host and GPU memory

Template Input Total temporary Number of floats transferred between CPU and GPU
data size data needed I/O transfers only Baseline Optimized for Optimized for
(floats) (lower bound) implementation Tesla C870 GeForce 8800 GTX
Edge detection | 1000x1000 6,000,512 2,000,512 13,000,512 2,000,512 2,000,512
Edge detection | 10000x10000 600,000,512 200,000,512 N/A 400,000,512 400,000,512
Small CNN 640x480 59,308,709 4,870,082 157,022,568 4,870,082 4,870,082
Small CNN 6400x480 606,855,749 49,230,722 1,596,371,688 49,230,722 49,230,722
Small CNN 6400x4800 6,261,866,429 501,282,002 16,326,219,528 | 501,282,002 2,536,173,770
Large CNN 640x480 163,093,609 6,649,882 313,105,568 6,649,882 6,649,882
Large CNN 6400x480 1,686,960,649 67,282,522 3,212,182,688 67,282,522 67,282,522
Large CNN 6400x4800 17,664,611,329 691,377,802 33,262,586,528 | 760,262,830 7,877,915,800
Table 2: Results - Improvements in execution time
Template Input Time (seconds)
data size Tesla C870 GeForce 8800 GTX
Baseline Optimized Baseline Optimized
implementation | implementation | implementation | implementation
Edge detection | 1000x1000 0.28 0.036 0.19 0.034
Edge detection | 10000x10000 N/A 4.12 N/A 3.92
Small CNN 640x480 1.70 0.62 1.21 0.41
Small CNN 6400x480 6.96 2.06 5.95 1.76
Small CNN 6400x4800 54.00 16.66 47.76 20.95
Large CNN 640x480 4.29 2.57 2.94 1.60
Large CNN 6400x480 15.71 6.62 13.96 5.48
Large CNN 6400x4800 262.45 112.99 N/A N/A

overhead for a GPU call is unacceptably high. Our frame-
work, on the other hand, does not try to generate low-level
GPU code (instead relying on frameworks such as CUDA).
We focus on executing computations that do not fit into
the GPU memory, and in managing the CPU-GPU memory
transfers efficiently and in a scalable manner.

Recently, work has been done to enable high-level
frameworks like Map Reduce on GPUs [14, 6, 11, 1]. There
have also been efforts to optimize code for GPUs using
source-to-source compilation and auto-tuners [19, 18, 13,
16]. Streaming programming frameworks have been popu-
lar for GPUs and several of them have been proposed, no-
tably BrookGPU [5], Peakstream (acquired by Google), and
RapidMind [17]. Our framework differs in that it targets
applications that do not necessarily fit into the streaming
model of computation. For domain experts, we believe that
providing APIs that implement domain-specific templates
is the most effective means to ease the burden of GPU pro-
gramming. Also, none of the streaming frameworks address
the issue of mapping computations to the GPU when the
data sizes are too large to fit the GPU memory.

Improving GPU programmability by presenting a unified
memory space through hardware techniques has also been
proposed. EXOCHI [21] is an attempt to create a unified
view by trying to manage both CPU and GPU resources
dynamically. CUBA [10] is an attempt to avoid data man-
agement between CPU and GPU by letting the GPU access
data present in CPU memory directly and allowing it to
cache them in GPU memory, thereby providing better pro-
grammability through hardware modifications.

Our work can also be viewed as an instance of under-
standing and exploiting the memory hierarchy present in
current systems. In that respect, our work is comparable to
Sequoia [12]. Sequoia is a programming language that di-
rectly deals with the memory hierarchy problem that we are
trying to address. By invoking “tasks” that execute entirely
in one level of memory hierarchy, Sequoia tries to optimize
programs. However, Sequoia does not provide the mecha-
nisms for reducing the data movement, which is one of our
main objectives in this work.

Our framework is complementary to these efforts since
we address the problem of organizing computations that do



not fit into GPU memory such that data transfer between the
host and GPU is minimized.

6. Conclusion

We have proposed a framework for efficient and scal-
able execution of domain-specific templates on GPU plat-
forms. Our framework addresses the gap in abstraction
between domain experts and current GPU programming
frameworks. We address the problem of executing tem-
plates whose memory footprint exceeds the available GPU
memory. Our framework automatically generates an execu-
tion plan that achieves high performance by minimizing the
overheads of data transfer to and from the GPU memory.
We demonstrate the application of the framework to tem-
plates from the recognition domain, namely edge detection
in images and convolutional neural networks. The frame-
work can easily take advantage of new GPU platforms and
advances in GPU technology We believe that frameworks
such as the one proposed here are essential to realize the
potential of GPU computing by making it accessible to a
broader range of programmers.
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