
ABSTRACT

SHARMA, SIDDHARTH. Parameter Estimation for System Biology Models
on GPU Clusters . (Under the direction of Dr. James Tuck.)

In this work, we consider the parallelization of interval based parameter estimation with
uncertainty propagation for non-linear ODE models. This approach is especially important in
systems biology research as it addresses the uncertainty often present in data recorded from bi-
ological experiments. As systems biologists model larger systems, parameter estimation quickly
becomes intractable due to the large space of possible solutions that need to be evaluated in
the presence of uncertainty. Efficient parallel computing is necessary to solve these problems.

The work outlined here can be broken down into three stages and outcome of each stage
can be seen as a contribution. First, the interval analysis based parameter estimation workload
is characterized which helps in identifying the nature of available parallelism in the workload.
Next, the insights gained from the characterization step are used to design and compare two
very different approaches to estimate parameters on a single GPU. GPU approaches exploit the
task level parallelism in the workload by maintaining a task-queue on the GPU. Optimizations
are proposed to efficiently manage and spread workload within a GPU. Together, the first
two stages enabled the development of scalable multi-GPU implementation of interval based
parameter estimation, which is the third contribution of this work. The key design highlight
here is a novel fully dynamic load balancing technique to share pending work between GPU
task-queues over an MPI communication layer. The GPU implementations achieve a speedup
of 16x on a single Fermi GPU and 156x on a cluster of 16 Fermi GPUs when compared to a
8-core CPU implementation.
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Chapter 1

Introduction

In recent years, the development of sophisticated experimental tools in molecular biology has
allowed the acquisition of large variety of time-series data. Such data has the potential to
reveal complex interactions in biological systems. This has compelled researchers from many
disciplines to empirically study the data and gain a deeper understanding of how biological
systems function.

One approach for characterizing such biological systems is by using mathematical models
that elucidate and predict key behaviors of the system. Biological systems are multi-component
reactors and can be mathematically expressed through systems of non-linear Ordinary Differen-
tial Equations (ODEs). Using these models, researchers can predict the behavior of a biological
system and then experimentally test the consistency of the prediction to reject invalid hypothe-
ses.

A variety of processes including biochemical reaction networks, genetic regulatory systems,
population models and metabolic pathways have been modeled as systems of ODEs. A key
challenge, however, is the lack of tools that are able to accurately identify systems biology
models and explore their behavior in reasonable time frames. Finding solutions for ODEs is a
vital part of exploring system behavior with ODE models. While techniques for solving ODEs
is a long studied problem ( [2], [36], [18], [32]), the approaches needed in the biological domain
are still evolving and often differ from those needed in other disciplines. A good example of
these differences can be seen in Parameter Estimation which is the focus of this work.

For this work, we assume that an ODE based model hypothesis is known, perhaps derived
from a biological function or observed behavior. However, what is missing is the set of parame-
ters that govern the model. Given an ODE, a set of discrete time experimental output measure-
ments, and an unknown set of parameters, the goal of Parameter Estimation is to determine a
set of parameters that produce model behavior fitting to the experimental observations.

Experimental data for biological system is available only at sparse time-points and includes
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uncertainty. This is because the biological experiments that produce this data are expensive,
time consuming and highly sensitive to experimental conditions. Traditional estimation algo-
rithms that solve for a single best fitting parameter set based on curve fitting techniques [23] [14]
are not applicable because fitting the model to an error prone data could greatly degrade the
prediction quality. Note that the accuracy and confidence in estimated parameters is vital as
predicted behavior is directly dependent on these estimates. We can instead solve for a range of
parameter solutions that are consistent with all known data points within an error bound. The
resultant model thus encodes the information about measurement uncertainty and describes all
possible variations in model behavior with full confidence.

1.1 Motivation

Solving for a possible range of parameters has been accomplished using a global branch-and-
bound search over a space that likely contains the solution. The search algorithm recursively
divides and evaluates the search space and in the process prunes away inconsistent parameter
sets. Such a search begs for parallelization since the evaluation of any two sub-regions in the
search space is independent of each other. Prior work has examined parallelization of such algo-
rithms on multicore processors and reported scalable speed-ups. But time required to estimate
parameter intervals for typical system biology models on CPUs can still quickly grow from
minutes to hours to even days depending on model complexity. Thus our work on exploring
alternate parallel architectures becomes vital to enable researchers to obtain results within a
reasonable time-frame.

Modern graphics processing units(GPUs) have emerged as general purpose computing plat-
forms that can accelerate compute-heavy applications. GPUs were originally designed as many-
core architectures geared to throttle embarrassingly parallel and computationally heavy graph-
ics shaders. However, emergence of GPU programming models such as CUDA and OpenCL
has exposed enough of the hardware that allows the computing society to efficiently harness
large computing capabilities of GPUs for non-graphics parallel workloads. Scientific workloads
such as ours tend to be arithmetically intensive. GPU architecture promises to be a better fit
for compute heavy parameter estimation problem. This is because, unlike a CPU core, a GPU
core dedicates majority of chip area to integer and floating point compute units and has a
simpler control unit. This allows GPUs to achieve floating point throughputs that are orders
of magnitude greater than that of modern CPUs. Moreover, GPUs give significantly better
GFLOPs/watt and GFLOPs/dollar compared to CPUs making GPU computing more power
efficient and cost effective.

GPUs are thus fast becoming the de-facto architecture for cost efficient high performance
computing and that makes them an obvious choice as target platform for solving compute heavy
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parameter estimation problem for complex biological models.

1.2 Challenges and Contributions

Our work introduces parameter estimation as a parallel application design problem to the GPU
computing community. We characterize the behavior of the parameter estimation algorithm and
examine techniques to map it on to a heterogeneous distributed cluster with multiple GPUs.
We show that the branch&bound based solution space search exhibits task level parallelism
but tasks may have different run-lengths. Moreover, the algorithm is highly irregular since
task may generate new tasks leading to unpredictable workload at runtime. Through workload
characterization we demonstrate that irregularity in available parallelism and uneven task run-
length are the two key complexities to be addressed in order to efficiently utilize single and
multiple GPU platforms. The irregular workload thus require an efficient task scheduling scheme
within a GPU and a balanced task distribution scheme across multiple GPUs.

We explore two widely different execution paradigms for our single GPU implementation
and present optimizations for both. A key design optimization to improve GPU occupancy
by reducing GPU warp divergence is also presented. Using a microbenchmark that generates
artificial workloads with pre-defined irregularity, we compare and evaluate the performance of
the two single GPU approaches for workloads with varying degree of irregularity. The optimized
single GPU implementation achieves an average speed-up of 16x on a Fermi GPU compared to
an optimized 8-core CPU implementation. Single GPU implementation is extended to multiple
GPUs by adding two software layers to achieve load balancing across multiple GPUs. The
software layers can be summarized as follows:

� A host-device communication stack. We develop a novel software technique that
allows host to access live task-lists on GPU in a synchronous manner. The technique
makes use of two additional set of queues and queue status flag that is maintained by
both host and device.

� An inter-host communication stack. For exchanging pending work between host
nodes we develop a master-slave load balancer using Message Passing Protocol (MPI).
A key decision here was to use non-blocking MPI procedures for the load balancer. This
enables load sharing to happen in parallel with the core compute.

Live task queue management coupled with the master slave work sharing scheme forms the basis
of our fully dynamic load balancer. We will show that on a 16-GPU system our fully dynamic
load balancer performs 1.8x faster than a well-designed static load balancer. Ultimately, we’ll
show that parameter estimation for a relatively small 4-state model that requires more than a
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week to process on a 8-core processor can be completed within an hour using a heterogeneous
cluster with 16 Fermi GPUs giving an overall speedup of 156x over an 8-core CPU.

Our findings are relevant to the parallel programming community and to the larger systems
biology community which needs efficient parallel algorithms.

1.3 Organization

In chapter 2 we give details about the problem of parameter estimation. In chapter 3 we present
a characterization of the workload and describe techniques to map the workload onto a single
GPU. Chapter 4 compares the two GPU approaches developed in previous chapter. It then
discusses main results and optimization benefits. In chapter 5 we discuss and evaluate our static
and dynamic load distribution approach which allows us to scale our workload across multiple
GPUs. In chapter 6 we provide additional discussion about the algorithmic and mathematical
limitations of the parameter estimation approach that often leads to very long run-times for
some models. We conclude with future work in chapter 7.
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Chapter 2

Background

In this chapter we formally define the Parameter estimation problem. We talk about the impor-
tance of bounded error estimation in the context of system biology modeling. We then provide
a background on a branch and bound type algorithm named SIVIA that is used to perform pa-
rameter estimation in a bounded error context. Some of the key computational and algorithmic
characteristics that make SIVIA a challenging problem to parallelize are also highlighted. We
end the chapter with a brief summary of the GPU architecture and the CUDA programming
model.

2.1 Problem Statement: Parameter estimation

The first step to predict the behavior of a biological process is to create a model that closely
mimics the real system. Prior information about the interaction mechanisms governing the sys-
tem is often limited. This may result in multiple model hypotheses. All possible hypotheses
must be experimentally tested for validity and the process is formally known as Model Identi-
fication. Figure 2.1 shows the cyclical experimental methodology being undertaken today for
identifying most representative hypothesis. Unknown parameters for each possible model are
first estimated using the existing experimental data. Models are then simulated with known
initial conditions to generate model state estimates. State estimates are compared against ex-
perimentally measured states. Hypotheses that lead to inconsistent state estimates are rejected.
At the end of the cycle new set of experimental data is produced and is used to validate re-
maining hypotheses. Once a mathematical model is determined with considerable confidence it
is used to simulate and predict system behavior.

A model hypothesis is expressed as a set of Ordinary Differential Equation (ODE) which
has the following form:

x(t) is a time-dependent function that describes a state of the system, p is the model
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Figure 2.1: Model identification flow

parameter set and y(t) is model output. Future values of x(t) are determined by its derivative
with respect to time, x′(t) for all time points, t > t0, where t0 is a time value at which x(t0)
is known. Note, while this is a single state system, multiple state systems are common. In
Eqn. 2.1, f and g are parameterized functions in terms of x(t). For example, consider that
f(t, x(t)) = (a− bt)x(t) and g(t, x(t)) = x(t). In this case, a and b form the parameter set p of
the model.

x′(t) = f(t, p, x(t)), t > t0

y(t) = g(t, p, x(t)),

x(t0) = η

 Model Eq. (2.1)

Given the model, parameters and an initial condition, the values for x(t) can be projected
using Newton’s method. We assume a small enough step, h, such that x(t0 + h) = x(t0) + h×
x′(t0). If h is small enough, then the estimate for x(t0 + h) should be close to the real value
because the derivative will likely not change much over that range. By repeating the process, a
full time series can be created. However, for some models, this method is not accurate enough
so x′(t) is replaced by a Taylor series expansion which better approximates the derivative over
the time interval.

6



Some of the model parameters in Eqn. 2.1 may be known constants or can be experimen-
tally determined. The rest of the unknown parameters have to be mathematically predicted.
Empirically, we could pick a possible parameter value set arbitrarily and then produce a time
series using Newton’s method. If the produced time series matches the original closely enough,
we can adopt it as the solution. By exploring a suitable set of possible parameters, we should
be able to find ones that closely match the original data.

Hence, parameter estimation is usually solved as an optimization problem wherein a cost
function is minimized using global optimization methods [23, 14]. Global optimization ap-
proaches need good initial estimate for parameters.

2.2 Parameter Estimation Applied to Uncertain Experimental

Data

Estimating parameters for biological systems poses additional challenges since time series data
collected through experimentation are inherently uncertain. Apart from measurement errors, the
uncertainties may arise due to extrinsic reasons such as fluctuation in concentration and reaction
rates [6], [38]. Moreover, intrinsic variations, for example cell-to-cell variations [3] and difference
in cell history [21], may also lead to uncertainties. Discussions related to noise in gene regulatory
networks and its implications on modeling can be found in [16], [31]. Hence, applying traditional
techniques on uncertain experimental data to look for a unique parameter set may result in
incorrect model predictions. Further, many model parameters are structurally non-identifiable
and can only be bounded by a range of values based on biological considerations [35].

To compensate for the data uncertainty, instead of finding a unique best fitting parameter
set, bounded error estimation techniques attempt to find all possible sets of parameter vectors
(Po) that are guaranteed to be consistent with the experimental data within a given error bound.
The comprehensive set of consistent parameters in turn can produce a range of state predictions
for each future time point guaranteeing the inclusion of actual system state. Moreover, variation
in parameter vectors for a given range of uncertainty also provides information about the model
prediction sensitivity to noise in measurement data.

Formally, if a set of known range of experimental uncertainty εi [ε−i , ε+i ] and a set of exper-
imental data y(ti), where ti ∈ set of known measurement times, is given then a parameter set
p ∈ Po and is consistent for all i = 1 ... N if :

ε−i ≤ y(ti)− ym(p, ti) ≤ ε+i (2.2)

Where ym(p, ti) is the model output at time ti with parameter set p and Po is the consistent
parameters set.
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Figure 2.2: Example cases for Consistent and Inconsistent Pin [13]

Standard methods to approximate ODE solutions are not applicable since they work on
point solutions not interval solutions. Guaranteed integration methods [27], [26], [36] based
on interval analysis [10] are used instead. A parameter region [Pin] can thus be tested for
consistency in a bounded error context based on:

[ym(ti, Pin)] ⊆ [y(ti)] (2.3)

where [ym(ti, Pin)] is the guaranteed enclosure of model output at time ti for parameter range
Pin and [y(ti)] is experimental output bounded by error interval [εi] at measurement time ti.
Figure 2.2 plots experimentally measured state [y(ti)] and the estimated state [ym(ti, Pin)] for
a given [Pin] across time.

2.2.1 Set Inversion Via Interval Analysis (SIVIA)

SIVIA proposed by Jaulin [11] combines interval set estimation techniques with a Branch &
Bound type solution space exploration algorithm to recursively search for consistent parameter
sets within a parameter space Pin.

Evaluation of Pin is a two stage process. The Prediction stage uses Guaranteed integration
techniques based on Taylor expansion combined with Extended Mean Value algorithm [34] to
compute a conservative over-approximation of the model state [xm(ti, Pin)] at ti originating
from initial condition [xm(ti−1, Pin)].

The discrete time data [y(ti)] is mapped onto the model state-space as Y inv(ti) using a
non-minimal inverse function G([y(ti)], P ). Guaranteed set-inversion technique developed by
Jaulin [11] is used to formulate G([y(ti)], P ) from model output function g(x(t), p) in Eqn. 2.1.

The Pruning stage checks for overlap between predicted state [xm(ti, P ] and experimental
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Figure 2.3: Example showing Bounded error state approximation for [P ] [13]

state Y inv(ti) at each ti. Pin is classified as Feasible if the model prediction [xm(ti, P ] remains
Consistent with Y inv(ti) for all i. Pin is evaluated to be Infeasible if at any time point there
is no overlap between the two sets, indicating the absence of any consistent parameters in Pin.
No exploration is carried out for the infeasible Pin beyond this point. Parameter regions that
do not fully satisfy either of the above conditions are classified as Indeterminate. Indeterminate
regions are bisected to produce smaller parameter regions and evaluated again until a minimum
edge size of ε is reached. An Indeterminate region satisfies the following two conditions:

∩ [Y inv(ti)] is not ∅ for all i

[xm(ti, Pin)] 6⊂ [Y inv(ti)] for atleast one i

}
Indeterminate condition (2.4)

The SIVIA method thus describes the branch-&-bound methodology of taking larger pa-
rameter spaces and dividing them into smaller ones until feasible regions are found. Worst case
bound on such an algorithm grows exponentially with the number of unknown parameters since
each additional unknown parameter adds a new dimension to parameter solution space which
in turn adds to the number of ways a region may be bisected.

Computational Upshot. For bounded error compute, SIVIA uses intervals to perform
all computation rather than scalar values. Intervals are always specified using a [min,max] pair
and thus increase burden on the memory hierarchy of a compute machine. For example, an
interval pair would require double the number of hardware registers which is a scarce resource
on GPUs. Furthermore, when operating on intervals, it’s necessary to determine the min and
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max of the new interval created by adding/subtracting or multiplying/dividing them [10]. This
increases the number of computations and hardware registers used to hold intermediate results.
For example, multiplication of two intervals [p] and [q] results in four multiply, and three sets
of min and max operations as shown below:

[p]× [q] =[min(p−.q−, p+.q−, p−.q+, p+.q+)

max(p−.q−, p+.q−, p−.q+, p+.q+)]

2.3 GPU architecture features

In this section, we give a brief overview of nVidia GPU architecture [42] on which we implement
our algorithm. The shader compute units of GPUs are formed by a set of streaming multipro-
cessors(SM). Number of SMs on a machine vary based on the machine type and typically stays
between 13-16. Each SM constitutes of a group of processing elements (PE) or CUDA com-
pute cores. The number of cores on a SM may vary across architectures - for eg. Fermi GPU
architecture has 32 where as more recently released Kepler architecture has 192 cores per SM.
The compute cores execute threads of vector instructions in a SIMD(single instruction multiple
data) fashion. A set of 32 threads that run in this fashion is called a warp. Each SM has a
thread instruction scheduler that maintains separate program counters for a maximum of 48
warps at a time. The scheduler picks up the next warp to be executed from a pool of active
warps based on a proprietary warp scheduling policy and issues the next instruction of that
warp. This instruction is executed in parallel on a group of 32 PEs. Active warps are warps that
do not have any threads blocked on previous instruction. Note, that the granularity of instruc-
tion scheduling is a warp of 32 threads and not a single thread. This effectively means that the
threads in a warp must always execute in lock stepped fashion. If different threads within a
warp need to traverse different execution paths say due to a conditional branch instruction then
the warp is said to be divergent and the diverging paths are executed sequentially. Divergence
hurts hardware utilization since some part of the SIMD execution pipeline is always left unused
when divergent parts of the warp are being executed.

Thread warps are logically grouped as thread blocks which are assigned for execution onto
a SM by a GPU-wide block scheduler. Each SM has a pool of resources shared among all the
active thread blocks. Among these is a large register file and a 64Kb of read-write cache that
may be configured as user managed shared cache or standard L1 cache. Threads within a block
may communicate with each other via shared memory. Each thread is allocated a maximum of
63 registers on Fermi and 263 registers on kepler which often acts as a limitation as seen in the
later chapters.

Threads in a block can communicate with threads from other block or the CPU via a
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GPU DRAM main memory called Global memory. Global memory is connected to the SMs
via a shared L2 cache and to the CPU via PCI-E link. Since CPU and GPU do not share
a common address space, users must invoke explicit library calls to transfer blocks of data
to or from GPU’s main memory. PCI-express bus link is comparatively slow, hence transfers
should be kept to a minimum for good overall performance. Global memory also suffers from a
high latency and applications with high memory bandwidth requirement generally rely on large
number of parallel warps to partially hide this latency. Thus applications must have the right
balance between memory and compute instructions to avoid memory bottlenecks.
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Chapter 3

Designing a parallel implementation

Classification of a parameter region across multiple time-stamps with SIVIA is essentially se-
quential. Model prediction from time ti−1 is used as input to predict model state at ti. However,
the process of classifying any two parameter regions is independent of each other. Thus, SIVIA
algorithm exhibits task level parallelism with a natural unit of parallel task - evaluation of a
parameter sub-region Pin. The interval ranges of unknown parameters constituting Pin are the
inputs to such a task. Identification of an Indeterminate region leads to creation of new tasks
that can be stored in queue like data structures. These queued up tasks amount for the available
parallelism in the algorithm. Figure 3.1 illustrates the basic workflow for evaluating parameter
regions using SIVIA.

In the following section we introduce two popular system biology models. These are used to
understand the workload and evaluate our implementations throughout this thesis. To efficiently
map our workload onto a manycore GPU architecture we characterize the task creation and
execution pattern of the workload in section 3.2. We employ the understanding gained from the
characterization step to propose two techniques for mapping the SIVIA algorithm on to a GPU
system in section 3.3. The chapter is concluded with section 3.4 that describes a set of design
optimizations for the proposed GPU implementations.

3.1 Biological models

This section describes two biological processes modeled as set of Ordinary Differential Equa-
tions. Each model consists of a set of parameters and states. To generate an estimation problem
we assume a subset of model parameters to be unknown and bound them with an initial es-
timated interval. Initial values of model states, values of known parameters and experimental
state data at discrete time points are additionally required to complete the description of an
estimation problem. These estimation problem sets serve as close subsitutes to real world esti-
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Figure 3.1: Parameter region evaluation using SIVIA

mation problems and are used to evaluate the correctness and performance of various parallel
implementation techniques that we develop.

3.1.1 Lotka-Volterra prey-predator model

This is a 4 Parameter - 2 State model that captures the relation between prey and predator
populations (given by x1 and x2 repectively) using following ODEs:

x′1(t) = x1(t)(p1 − p2x2(t)) (3.1)

x′2(t) = −x2(t)(p3 − p4x1(t)) (3.2)

where p1 is the prey birth rate, p2 is the fall in prey population due to predators, p3 is the
predator death rate and p4 represents the growth in predator population. The experimental
data points, taken from [20], consisted of 1400 data points measured at a time step of .0005.
The experimental setup detailed in [34] had p1 = 1, p2 = 0.01, p3 = 1, p4 = 0.02 with initial
states x1(0) and x2(0) being 50 each. An error of 1.5 was added to x1 to realize bounded error
measurements.

For experimentation, p1 and p3 were assumed to be known with bounded error values of p2

and p4 being the final result of our compute. The initial parameter intervals for p2 and p4 were
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both [-1,1] and the minimal allowed size of intermediate param interval was given by epsilon =
.00001.

3.1.2 SEIR model

This is a 4 Parameter - 4 State model that describes spread human infectious diseases as
described by the following ODEs -

x′1(t) = p1N − (p1 + p2)x1(t) (3.3)

x′2(t) = p2x1(t)− (p1 + p3)x2(t) (3.4)

x′3(t) = p3x2(t)− (p1 + p4)x3(t) (3.5)

x′4(t) = p4x3(t)− p1x4(t) (3.6)

where p1,p2,p3,p4 are birth/death rates, ratio of contacts by total population, average latent
period of disease and recovery rate respectively. States x1 corresponds to susceptible population,
x2 is exposed, x3 is infectious and x4 relate to recovered population. The dataset of 1000 points
with time step of 0.01 is used with an error bound of 5. Measured settings for (p1,p2,p3,p4) are
(0.5,0.1,0.4,0.2). For experimentation, p1 was assumed to be known and initial conditions were
the same (700,0,300,0).

3.2 Workload Characterization

The section is organized into two parts. First sub-section characterizes the irregularities in task
creation pattern and the second half describes uneven task sizes.

3.2.1 Irregularity in available parallelism

A key property of a branch and bound type algorithm, such as SIVIA, is the inherent irregularity
in the workload. Understanding and characterizing the source of irregularity is an important
step in designing optimal parallel execution and load sharing strategies for a single or multi-
GPU implementation. We show that task creation at runtime can result in a workload with
largely varying available parallelism across time domain and solution space domain.

Workload density in solution space domain. The SIVIA algorithm searches for feasible
parameters by sub-dividing indeterminate parameters into new tasks. The search trajectory
cannot be predicted and leads to a highly irregular distribution of tasks in the parameter space.
The task creation pattern can be represented as an an unbalanced tree as shown in Figure 3.2.
Each Feasible and Infeasible region forms an end node and Indeterminate regions give birth
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Figure 3.2: Unbalanced task creation tree

to two new child nodes. For an ODE system with two unknown parameters, one may imagine
the final distribution of parameter sub-regions in 2D space to be similar to Figure 3.3. The
figure illustrates the varying density of parameter sub-region in the solution space. The areas
with high density of sub-region boxes are highly likely to consequently have large compute
requirement. This irregularity poses interesting challenges when spreading the workload within
the GPU and across multiple GPUs as there is no apriori notion for compute requirement in
data-space. For example, evenly allocating compute units to search for solutions in different
regions of parameter space at the start of the search process would always result in a highly
imbalanced load distribution.

Temporal variation in available parallelism. Along with irregular compute density in
spatial domain, the workload exhibits a varying degree of available parallelism across time. As
evaluation of one Pin is independent of the other, each newly generated Pin adds to the available
parallelism. For a SEIR model test setup with two unknown parameters, Figure 3.4 shows the
available parallelism across simulation time in terms of number of uncharacterized regions (Pin).
Task creation rate roughly dominates the first half of the execution since the solution space
gradually unfolds with detection of numerous Indeterminate regions. The algorithm effectively
converges in the second half as most regions reach the minimum allowed size and can either be
characterized as Feasible or Infeasible. Note that higher ε value accelerates the convergence of
the algorithm at the expense of coarser search granularity. We use this property in Chapter 5
The figure also shows that the available parallelism is limited in the initial and final stages of
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Figure 3.4: Available parallelism: Growth pattern of task list
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Figure 3.5: Pseudocode for SIVIA

the execution and we name them as Start-up and Cool-down periods.

3.2.2 Varying task run-length

The amount of compute required to complete a region evaluation task varies greatly depending
on input parameter region and is not known apriori. A region is determined as Feasible or
Indeterminate only after solving the set-membership problem for all ti where i = 1...N . However,
a parameter region may get classified as Infeasible at any time point for which there is no
common region between experimental state interval set and predicted state interval set. The
Infeasible region is not evaluated further and the execution thread makes an Early Exit from
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Figure 3.6: Pseudocode for naive GPU implementation
Here task list is a read-only list and new list is shared globally and requires access

synchronization via locks.

the evaluation loop. Figure 3.5 presents a pseudo code for parameter evaluation using SIVIA
and highlights the Early Exit condition that causes variation in task run-length.

On a GPU architecture, where multiple threads execute together in a thread warp, threads
that exit early have to wait for rest of the threads in the warp to finish evaluation and reach
a common convergence point. Such a situation, also known as Warp Divergence, can result in
high underutilization of GPU hardware.

3.3 Design of a Single GPU implementation

On a CPU, the problem of parameter estimation is best expressed as a coarse grained parallel
workload with each thread responsible for independently classifying a parameter region. Mar-
vel [20] designed a Pthreads [17] based multi-core implementation to accelerate bounded error
parameter estimation using SIVIA. The design is built on a task queue based execution model.
CPU threads running SIVIA deque tasks from a task queue which is protected by a global lock.
Threads utilize the available core to perform evaluation and newly created tasks are added back
to the task queue. Marvel’s work demonstrated linear speed-up with each additional CPU core.

Prior efforts on mapping irregular workloads onto GPU suggest two possible execution
schemes. The problem can either be expressed as a standard data-parallel problem or a task
parallel problem [39]. The approaches typically differ in the way the GPU consumes the newly
generated tasks. The following subsections develop and explore these two approaches in further
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detail.

3.3.1 Multiple kernel call approach

A standard GPU kernel has a large number of threads that perform data-parallel tasks statically
distributed among them at kernel launch. A thread pool is maintained by the GPU thread
scheduler which sequentially schedules threads onto GPU cores for execution. GPU threads are
programmed to retire once they finish work on data initially subscribed to them thus allowing
next set of threads to begin execution. GPU programming models provide poor support for
algorithmic paradigms showing irregular parallelism. The only traditional way to consume tasks
produced at runtime is to wait for the kernel pass to finish. The CPU can then invoke a new
kernel with enough threads to consume work produced in the previous kernel pass. We call this
the Multi-kernel approach. This is a simple data parallel expression of the algorithm in which
work is statically distributed among threads at the start of the kernel.

Since GPUs do not guarantee data consistency across two kernel calls, the task data gener-
ated in the current kernel run needs to make an unnecessary roundtrip to the CPU incurring
data transfer overheads. Note that a complete run of Parameter Estimation problem typically
produces very large number of tasks and the size of task data grows linearly with each addi-
tional unknown parameter. The data transfer roundtrip can thus add a considerable amount to
the total runtime. However, we acknowledge that more recent versions of CUDA programming
model provide ways to transfer data between CPU-GPU asynchronously allowing data transfer
to overlap the kernel execution. Thus a dual buffer coupled with asynchronous memory copy
instructions can effectively remove the CPU-GPU data transfer bottleneck. An outline of this
approach is shown in Figure 3.6 with comments indicating if the operation is performed on
host, GPU or if it is a data transfer.

3.3.2 Persistent thread approach

An alternate execution strategy would be to force the threads to stay in loop and consume all
newly produced tasks within the same kernel run. This is achieved by a GPU programming
style called Persistent Threads (PT). Persistent Threads approach assumes the threads to be
live until no new work is produced by any thread. The number of parallel threads spawned in this
case equals maximum number of concurrently active threads allowed by the GPU architecture.
This can be achieved by adding the following:

� A task queue to store unclassified parameter regions

� Work fetch and dispatch logic

� A global termination condition
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Figure 3.7: Pseudocode for Persistent threads based GPU implementation
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Global Task queue. The global task queue is configured as multiple array of C structs in
the GPU DRAM such that each array stores interval set for one of the unknown parameters and
data in all struct arrays at a particular index make up an unclassified parameter solution space.
Note that splitting the data for unknown parameters into multiple arrays supports coalesced
read/write. New tasks are added to the tail of the queue and consumed from the queue head.
Threads compete for a global lock via atomic instructions to gain access to queue.

Fetch and Dispatch logic. A simple fetch logic would require threads to independently
grab the lock and read the next available task in the queue. However, threads in a warp neces-
sarily run in lockstep and thus would always reach the task fetch region at the same time. Also,
we observe that the lock synchronization is only needed to update head or tail of the global
queue as current readable or writable location is obtained. The actual task-data may then be
read/written asynchronously.

This motivates our three step Fetch/Dispatch logic wherein only one thread in each warp
needs to access the work queue synchronously. First, all threads in a warp update a shared
status array to request READ/WRITE to the global queue depending on the state of execution.
Next,a single queue management thread counts the number of READ/WRITE requests and
accordingly manipulates head/tail of the global queue. This reserves the required number of
read or write location in the global task queue. The operation is performed with a lock. The
queue management thread then computes the global queue indices for each of the requestor
based on its view of the global queue and stores these indices in a shared array visible to all
threads in the warp. Finally, requestor threads of the warp read the global read/write indices
and issue read/write instructions without needing a lock. Overall, this approach reduces the
lock contention by up to 32 times and allows lock-free parallel accesses to task queue.

Termination Condition. Correct termination is guaranteed by maintaining a Global To-
ken system. Each thread holds a token while performing a task and releases the token if its
idle. A Global Token Count thus represents number of busy threads. A value of 0 implies no
idle threads and a value of total threads represents zero busy threads. Guaranteed termination
is hence detected if task queue is empty and Global Token Count equals total threads.

Figure 3.7 and Figure 3.8 outlines our Persistent Thread type GPU implementation.

3.3.3 Relevant prior work

Most of the prior work on irregular algorithms uses variants of Multi-Kernel approach. Some
examples include graph algorithms [9], morph algorithms [25] and N-body simulation prob-
lems [4]. Task parallelism based approaches that use Persistent threads and a managed work
queues have been explored in recent literature by [1], [8], [39] and [43]. Nasre [24] compares
Persistent thread based approach with variants of Multi-kernel approach for graph algorithms.
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They show that persistent thread approach provides a more generic form of load balancing
while Multi-kernel approach is more responsive to algorithm specific optimizations and can be
more effective if directed optimizations are possible.

Work queue based scheduling techniques for irregular workloads on GPUs have been dis-
cussed earlier with reference to smooth surface subdivision task in Reyes rendering pipeline [19].
Patney [30] used a centralized queue for work division. Tzeng [40] proposed a work stealing
approach with local queues to reduce contention for access to the queues. Lauterback [15]
discussed work redistribution technique to further reduce contention for fine grained parallel
tasks such as hierarchy construction and quicksort algorithm. These implementations have been
aimed at applications with comparable main-task time to work fetch time in case of [15] or rela-
tively moderate imbalance in workload generation as in [40]. Workload generation in parameter
estimation often gets highly imbalanced with many threads only generating new tasks where
as others ending up with many infeasible classifications. This may require many iterations of
work stealing in case of a local task queue implementation. Thus we advocate a simpler queue
management technique based on global queues with improvements specific to our algorithm
behavior.

3.4 Optimizations and design improvements

High order taylor expansion of model equations coupled with interval arithmetic results in larger
register footprint for complex models. We propose a set of optimizations to partially mitigate
the effect of high register pressure. The optimizations are applicable to both execution schemes
described in previous section. Two improvements to Persistent thread approach, namely Eager
Fetch and Eager Create, are also suggested. These address inefficiencies due to warp divergence.

3.4.1 Register pressure

Biological models rely on double precision computations to accurately estimate parameter re-
gions within desired error bounds. Nvidia GPUs have progressed rapidly in supporting double
precision compute and have increased dedicated DP compute units with every new architec-
ture release [42], [28]. However, double precision compute adds extra pressure on already scant
resources such as shared memory, L1 cache and thread registers. Moreover, every arithmetic
operation is performed on interval sets which further increases the register pressure. Adopting
programming techniques to judicially use these resources becomes even more important.

Loop unrolling. We found loop unrolling to be a very effective technique to gain perfor-
mance in compute heavy sections of our algorithm such as matrix multiplications and Jacobean
calculation. Loop unrolling increases the number of available independent operation which in-
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creases instruction level parallelism(ILP). It allows the compiler to use these independent op-
erations to hide pipelining and memory access latencies. However, aggressive scheduling for
ILP led to increased register pressure and thus register spilling. On GPUs registers spill to
local memory which is placed in the main GPU DRAM and excessive spilling can thus shift
the performance bottleneck back to memory bandwidth. To address this problem we designed
our implementation to be more modular with separate device functions for each subsection of
code. This approach logically provides a smaller scheduling window to the compiler allowing
the compiler to make much better decisions on register allocation. This design decision allowed
us to effectively reduce the overall register pressure by over a factor of 3.

Moreover, local memory loads and stores use caches to reduce latencies hence we configure
the L1 cache as 48Kb instead of default 16Kb and consequently limit available shared memory
to 16Kb. To reduce cache pollution we utilize constant memory for read-only data such as
experimental state measurements. Shared memory is used in our implementation to maintain
thread execution state flags and to share load/store indices of global queue computed by the
queue management thread. With a reduced 16Kb shared memory configuration shared memory
required by a thread block can limit the number of simultaneously active blocks on the SM.
We notice that two bit state flag is enough for a thread and hence design 64 bit-wide single
state variable for all the threads in a warp. The large state variable is updated and aggregated
using ballot and vote functions provided in CUDA to avoid possible overheads from sequential
shared data read.

3.4.2 Eager Task Fetch

An approach to reduce the impact of warp divergence due to unequal task run-length is pre-
sented. The key idea of Eager Task Fetch scheme is to allow threads in the warp to pause
their evaluation and move out to job fetch stage when a predefined number of threads have
become idle (called the max idle). Multi-kernel approach has a simple and rigid task scheduler.
The optimization is thus applied only to Persistent thread approach by adding two additional
capabilities to its flexible task execution flow -

� Each thread maintains an execution state flag in the shared memory

� Pause-Resume capability - An additional exit condition is added to the evalution loop to
allow busy threads to pause execution and converge with the waiting threads.

Upon completion of its evaluation process, a thread marks its execution state flag as ’idle’.
Threads in the evaluation loop aggregate the total idle flags and accordingly decide whether to
pause or continue. When enough number of threads become idle, the busy threads pause and
change their execution state flag from ’busy’ to ’paused’ and the warp moves to the job fetch
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a) Basic persistent thread flow b) Persistent thread with Eager Fetch 

Figure 3.9: Optimized persistent thread approach

stage. The ’idle’ threads that are able to obtain new parameter regions for evaluation mark
their state flag as ’busy’. The warp then re-enters the evaluation loop. Threads with ’busy’
state initiate a new evaluation process and threads with ’paused’ state resume the previous
evaluation loop. Figure 3.9 presents a comparative flowchart of a basic Persistent thread scheme
and Persistent thread with Eager Task Fetch optimization.

Maximum allowed number of idle thread directly effect the frequency of pause-resume and
is tuned based on the last seen state of available work on the global work list. Overhead of
threads waiting for other threads to complete execution is higher than job fetch overhead hence
max idle value is set to 1 when number of pending tasks on global work list is high. Max idle is
gradually increased to maximum of 32 if available tasks on the global list is less than 64. This
greatly reduces futile visits to work queue when there is not enough work present.

3.4.3 Cold startup and Eager Task Create scheme

The SIVIA algorithm typically starts with a single large parameter search space and gradually
creates new tasks by bisecting indeterminate regions. The algorithm goes through a cold-startup
period in which many threads remain idle as they wait for busy threads to create and post new
tasks onto the tasklist. A larger fraction of threads must be kept busy in order to accelerate the
progression through the slow startup phase. To achieve this the task scheduler can preemptively
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divide larger regions and use them as tasks for the idle threads. Theoretically this may lead to
creation of additional unwanted parameter sub-regions. The additional compute cost to evaluate
these extra regions, however, is compensated by faster relevant work creation.

The idea is implemented in Persistent thread approach by adding an Eager Task Creation
logic. This enables the task scheduler to aggressively divide newly fetched tasks whenever enough
tasks are not available in the global work list. Thread execution state flags explained in previous
section are used to determine the threads that have remained ’idle’ after the task fetch phase.
Eager Task Creation phase then forces threads with ’busy’ state to bisect their newly fetched
parameter region and donate the bisected sub-region to an ’idle’ threads.

Chapter summary. The chapter presented a discussion of the inherent irregularities
present in the SIVIA workload. The challenges that are anticipated while mapping such a
workload onto a GPU architecture were also pointed out. The algorithm was shown to exhibit
an irregular task creation and an irregular termination pattern. Two GPU approaches to map
the workload, namely Multi-kernel approach and Persistent thread approach, were described.
The approaches typically differ in the way they address the irregularities arising from runtime
task creation property of SIVIA search algorithm. Key optimizations were presented at the
end of the chapter. Next chapter provides a thorough evaluation of the two GPU approaches
presented in Section 3.3.
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Chapter 4

Evaluation of Single GPU

approaches

We present a comparison of the two GPU approaches developed in previous chapter and quantify
the benefits of various optimization techniques. We then apply GPU based SIVIA to solve
unknown parameters for two real-world biological systems - Lotka-volterra model and SEIR
model. The speedup obtained over a multi-core CPU implementation is reported.

4.1 Hardware details

The platform used for CPU-only simulations has two quad-core 3.2 GHz Intel Xeon processors.
For single GPU simulations we use a system with one quad-core 2.27 GHz Intel Xeon processor
hosting a Fermi C2075 GPU. The system is running RHEL 5.5 with Nvidia driver 304.54 and
CUDA toolkit 4.1. The code was written using Boost 1.46 C++ interval library, OpenMPI 1.4
and compiled with gcc 4.1.2.

4.2 Comparing Multi-Kernel and Persistent thread approach

The two GPU approaches developed in previous chapter employ widely different execution
paradigms. A key advantage of MultiKernel approach is its light weight task scheduler that
fetches a predefined number of tasks from the task list. The load distribution among GPU cores
is static and the number of tasks performed by each thread is known before kernel launch. The
approach is generally easier to implement and doesnot require explicit worklist management.
Persistent thread approach, on the other hand, facilitates dynamic load scheduling. As a result,
thread groups can end up performing widely different number of evaluation tasks. Persistent
thread approach expresses the problem as a task parallel system and thus provides more room
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Table 4.1: Microbenchmark Performance summary

GPU performance chart
Load imabalance Load Config Approach Run-time (Sec)

Low

1000 iter - 85% Persist-NoOptim 28
500 iter - 5% Persist-EagerFetch 27
250 iter - 5% MultiCall 25
125 iter - 5%

Medium

1000 iter - 25% Persist-NoOptim 20
500 iter - 25% Persist-EagerFetch 13.3
250 iter - 25% MultiCall 18
125 iter - 25%

High

1000 iter - 50% Persist-NoOptim 22
500 iter - 0% Persist-EagerFetch 9.8
250 iter - 0% MultiCall 20
125 iter - 50%

to develop fine-grained task scheduling schemes such as Eager Fetch.

4.2.1 Comparison methodology

To illustrate the benefits of fine-grained eager-fetch task scheduling optimization we develop a
micro-benchmark that artificially introduces warp imbalance to the workload. This is achieved
by generating a workload constituting of tasks with different run-lengths. One such workload
may have 100000 tasks with 25% of tasks needing 1000 prediction iterations, 20% needing 500
iterations, 30% and 25% of the remaining tasks needing 250 and 125 iterations respectively.
Tasks with different run-lengths are randomly mixed together to represent a realistic workload.

4.2.2 Microbenchmark results

Table 4.1 shows runtime for workloads with different degrees of imbalance on Persistent and
Multi-kernel GPU implementation. The table greatly highlights the benefits of using Persistent
thread approach in conjunction with fine grained task scheduling schemes such as Eager Fetch.
Real parameter search problems are expected to show high imbalance in the initial stage and
medium to low imbalance in the later stage of the execution. Hence optimized Persistent thread
approach is our natural choice as the primary single GPU approach.
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Table 4.2: Causes of thread divergence

Warp Imbalance and Thread Divergence
Reason Exec phase Solution
Insufficient Start and Eager-
tasks in Q End phase Create
Task finishing Any-time Eager-
early-Infeasible Fetch

4.3 Effects of optimization on real models

Table 4.2 summarizes the reasons for warp imbalance and the techniques we implement to
reduce it.

To demonstrate the effects of our techniques Fig. 4.1 shows the histogram of threads that
are active during the state-prediction step. The X-axis depicts the number of active threads
in the warp and Y-axis is the number of computer cycles with x number of active threads.
The figure shows that without warp level optimizations the GPU is at full occupancy for
only 55%. It runs at 80-95% occupancy for 30% of time primarily due to randomly occurring
imbalances from infeasible regions and it runs at 5-30% occupancy for 10% of the time. The
Eager-Create primarily reduces imbalance at the left section of the graph where threads are idle
due to insufficient tasks (param-regions) at the start or end of the estimation task. Eager-Fetch
primarily addresses the random imbalance producing more than 99% of compute cycles with
full-warp occupancy. The net performance speed-up from these optimizations are summarized
in Fig. 4.2

4.4 GPU performance discussion

Table 4.3 compares run-time for parameter estimation on Lotka-Volterra and SEIR model.
Two different configurations of SEIR model were timed with 2 and 3 unknown parameters
respectively. The multi-core CPU implementation is based on Pthreads and uses a global work
queue similar to our GPU execution model. Threads up to the number of available CPU cores
are spawned progressively as work queue gets filled. Once maximum number of allowed thread
are up, they iteratively fetch work or add work onto the work list. The GPU kernel implements
the global work queue based persistent thread approach. The kernels are launched with 32
threads/block to allow simplified block-wide synchronization. Small block size is compensated by
spawning enough kernel blocks to have 8 Blocks/SM and thus achieving the optimal active warps
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Table 4.3: Performance summary

GPU performance chart
Model Config Avg.Time (s) Speed-up

Lotka-Volterra

CPU-1 31.4 1
CPU-8 4.14 7.59
GPU-Fer 1.52 20.65
GPU-K20 .85 37

SEIR-2P4S

CPU-1 4515 1
CPU-8 574 7.86
GPU-Fer 50.3 89.76
GPU-K20 12.61 358.63

SEIR-3P4S, ε=.0005

CPU-1 16523 1
CPU-8 2134 7.76
GPU-Fer 120.8 137.06
GPU-K20 26.5 624.63

number of 8 warp/SM which is generally enough to effectively hide memory latency [12]. Thus
Grid-size can be computed as 8×number of SM . Single Fermi GPU implementation achieves
an average speedup of roughly 20x, 90x and 137x over a single core CPU implementation
for Lotka-Voletrra and SEIR models respectively. The speedup improves with growing model
complexity. This can be attributed to a more complex state-estimation (guaranteed integration)
step leading to increase in compute intensity of each task. Also, complex models result in more
divisions of parameter region resulting in higher available parallelism allowing GPU to stay
fully occupied for longer fraction of total run-time. Note that for SEIR model true feasible
regions are obtained only with ε = .0001. However, owing to the large execution time required
for simulation of a full SEIR model with ε = .0001 on CPU only systems, the table reports
execution time of SEIR model with ep=0.0005. The final result of estimation run with ε = .0005
gives a coarser approximation of parameter region set consisting of only indeterminate regions.
The projected execution time for full SEIR model on an 8-core CPU is about 11 days compared
to actual runtime of 13 hours clocked on the Fermi GPU and 2.8 hours on Kepler.

Running estimation on Kepler results in further 2X and 4.5X speed-up over Fermi for Lotka-
Volterra and SEIR model respectively. An important architectural change that helps Kepler
over Fermi GPUs for parameter estimation problem is the maximum allowed Registers Per
Thread. Kepler allows a maximum of 255 Registers compared to only 63 Reg/thread on Fermi.
Owing to the complexity of state-prediction step number of available registers quickly become
a bottleneck resulting in large register spills onto costly Global memory. The cache hierarchy
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on GPUs and coalesced memory accesses partially hide the large DRAM fetches due to register
spills. However, we still observed heavy DRAM access for SEIR model on Fermi particularly
due to 63reg/thread limit resulting in heavy spilling. Kepler threads with 255 available registers
greatly avoid the expensive spilling and hence are less memory-bottlenecked and hence providing
a much bigger speedup for complex SEIR model.

4.5 Additional discussion

A key difference between parameter estimation workload and the standard irregular workloads
such as graph and unbalanced tree algorithms is the amount of compute required per task
element. A region evaluation involves varying number of compute heavy state prediction steps.
Low GPU occupancy due to divergent warps is hence the key performance barrier which we
effectively remove by implementing a fine grained task scheduling policy - Eager Fetch. We
demonstrate the impact of our fine grained task scheduling policy in section 4.2. We argue
thatEager Fetch policy can benefit many irregular applications provided they are expressed as
task parallel systems and have varying number of compute iterations per task. Monte Carlo
simulations and Fractal calculation problem are two such applications that we intend to evaluate
as part of future work.
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Chapter 5

Parallelization on Multiple GPUs in

a Heterogeneous Cluster

The primary challenge in designing a load balanced multiGPU implementation is the spatial
irregularity of task creation. A naive static work distribution technique that simply pre-divides
and distributes the n-D parameter space among GPU nodes is bound to suffer from high load
imbalance. GPUs that receive a share of actual solution region based on static distribution tend
to go through numerous subdivisions. Each new region is then subsequently evaluated. On the
other hand, GPUs that are designated to search in regions that contain no feasible solution may
not need to subdivide and evaluate as many regions since they are more likely to evaluate large
chunks of search space as infeasible. Thus GPUs can end up having highly uneven runtimes
depending on the number of subdivisions their designated search sub-space goes through.

The lack of prior knowledge about the density of compute requirement in the search space
demands a dynamic load sharing approach. In the following section we present two possible ap-
proaches for dynamic load balancing and evaluate them for performance and scalability towards
the end of this chapter.

5.1 Load balanced multiGPU design

In the previous chapters, persistent thread based execution model was established as the optimal
approach for a single GPU implementation. In this approach the CPU simply offloads the
problem onto the GPU, the persistent kernel exhaustively evaluates the search space and returns
back to the CPU with the final results. However, in order for the CPU to dynamically distribute
ongoing work among GPUs we need an execution model in which CPU can access a part of
workload being generated on the GPU. This property motivates two possible approaches:
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Breaking the kernel into multiple stages One approach is to somehow have multiple
kernel calls within the persistent thread execution model. This would allow the host to have
access to the task list at the end of each kernel run. Some task distribution technique can then
be used to fairly divide this load. This forms the basis of our Semi-dynamic staged execution
scheme.

Work exchange within live kernel If the host is able to add or extract tasks from
GPU task queue while the GPU kernel is in progress then it can allow naturally free-flowing
work sharing among GPUs. Challenge here is to achieve this in a non-intrusive way so as to
add minimum overhead to the kernel compute path. The ActiveGPU load balancing scheme
attempts to achieve this goal.

The single GPU design focused on load balancing within the GPU and the above two ap-
proaches effectively form a communication layer between GPU and CPU. However, any multi-
GPU approach would also require an efficient communication layer between different hosts. In
the following sub-sections we describe our host-to-host communication layer and then discuss
the load balancing schemes Semi-dynamic staged execution and Fully dynamic ActiveGPU load
balancer in more detail.

5.1.1 Distributing load among host nodes

Message passing interface(MPI) library [7] is used to design host side load sharing communica-
tion layer. MPI provides two classes of send/receive functions - Blocking and Non-blocking. Code
cannot proceed beyond a blocking call while non-blocking calls post the requested send/receive
command onto a buffer and proceed forward. Non-blocking calls need to be checked for com-
pletion which clears the pending state of the call. The call that checks completion can also be
blocking or non-blocking.

We implement a demand based master-slave work distribution layer using MPI library which
allows CPU thread on slave node to either request work from the master node or release excess
work to master node. It is not possible to predict when slave node would request or release more
work and when master node would have enough work to service demand request from slave node.
Hence in order to account for this non-deterministic behavior we choose non-blocking MPI calls
that allow flexibile communication between master and slave nodes.

Pending Task Queue All nodes maintain a Pending Task Queue which is used to ag-
gregate pending tasks coming from the GPU and other nodes. Tasks are exchanged between
nodes at Task Chunk granularity and chunk size can be tuned using Group size. A smaller
chunk size allows finer grained task sharing.

Master and slave node operation. Slave node sends a non-blocking request for more
tasks when Pending Task Queue has less than requestThreshold number of task chunks. Slave

34



Figure 5.1: Pseudocode for non-blocking master-slave communication

node may also release task chunks to master node if Pending Task Queue has more than
releaseThreshold number of task chunks. Nonblocking sends are queued in a buffer until read
by the receiving node. Master node checks the MPI receive buffer corresponding to each slave
node in a round-robin fashion. All incoming work requests from slave nodes are placed in a
Request queue and incoming excess task chunks are stored in its Pending Task Queue. Master
node then picks task packets from Pending Task Queue and services pending task requests
from Request queue.

Exit condition. All host threads execute in a while loop and exit only when a global exit
condition has been met. The global exit condition checks if all GPUs on all nodes are idle and
there is no more regions to be evaluated. Slave nodes notify the master node if their GPU is
idle. Master node in turn determines if global exit condition has been met and broadcasts an
exit message to all nodes.

Interested reader may refer to [5] and [33] that summarize master-slave and work-stealing
based load balancing techniques. The pseudocode in Figure 5.1 gives an overview of the MPI
based communication stack for master and slave nodes. For completion of analysis a synchronous
host-to-host communication layer based on blocking calls was also implemented. MPI Gather
function was used to aggregate all extra work at master node and MPI Scatter function was
used to redistribute tasks in a one time static fashion.
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Figure 5.2: Flow diagram of Staged kernel execution

5.1.2 Staged Execution

The idea behind staged execution scheme is to break the GPU kernel execution by creating
artificial execution stages and balancing the load dynamically between these stages. In SIVIA,
the search granularity can be controlled using the ε parameter that defines the minimum edge
length of a sub-region. Setting a high ε value would force the search to stop at a coarser
granularity. A parameter search problem can thus be broken into hierarchical stages using
multiple ε values obtained from a decreasing step function. For example, parameter search
problem for a model with minimum ε = 0.001 can be broken down into two stages using a single
intermediate ε = 0.005. The first stage runs with ε = 0.005 and the resulting indeterminate
regions are used as input search regions for the second stage which is run at ε = 0.001.

After breaking the problem into stages, CPU thread can collect the intermediate regions
from the GPU at the end of each execution stage. These intermediate regions are effectively
regions that still need to be searched at finer granularity. The CPU thread adds them to a
Pending Task Queue. CPU Nodes then perform load distribution using the previously de-
scribed host-to-host task sharing protocol and use the work-balanced task list as input to the
next stage of GPU kernel. We define two execution variants based on blocking and non-blocking
host-to-host task sharing protocols. Static Staged execution employs scatter gather based block-
ing host-to-host task sharing while Semi-dynamic Staged execution uses non-blocking host-to-
host task sharing protocol.
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By allowing GPU kernels to exit at multiple stages, this technique allows frequent host side
work aggregation and succeeds in cutting down the extent of imbalance. Fig. 5.2 illustrates this
execution paradigm. Multiple kernel calls with different ε are shown. Moving top to bottom
represents time progression.

5.1.3 ActiveGPU load balancer

In standard GPU execution schemes CPU only participates in data transfer and kernel launch.
Instead, we design an execution model where host thread acts as a helper thread that contin-
uously manages GPU workload by silently injecting and extracting tasks as the GPU kernel
continues to consume tasks from the task queue.

The CUDA execution model provides two ways to communicate between host(CPU) and
device(GPU) while a kernel is running [41]:

� Asynchronous memory transfer calls coupled with CUDA streams

� Device mapped host memory [29].

Asynchronous memory transfer allows CPU thread to progress while data is being trans-
ferred to the GPU via PCIe bus. A stream in CUDA is a sequence of operations that execute on
the device in the order in which they are issued by the host code. The operations within a stream
are guaranteed to execute in order but operations from different streams can be interleaved.
Launching a kernel from one CUDA stream and exchanging data from another CUDA stream
enables us to read results from the GPU while kernel is still running. Asynchronous memory
transfer calls, however, have heavy start-up overhead and only perform optimally when trans-
ferring large chunks of data. Device mapped host memory allocates page-locked memory on the
host DRAM, which can directly be accessed by the GPU kernel as well as the host. However,
allocating large amount of page-locked memory to exchange big data chunks between CPU and
GPU can quickly degrade system performance since it reduces the amount of memory avail-
able to for memory paging resulting in larger number of page faults. Thus we only use device
mapped host memory to facilitate small sized data exchange like signaling operations between
host and device. The heavy data transfer to read out or push in task chunks in performed using
asynchronous memory transfer calls.

Two consecutive memory accesses from either host or device may be deterministically or-
dered. However, due to lack of ordering and locking mechanism between CPU and GPU, read
after write(RAW) or write after read (WAR) type race conditions are highly possible if both
CPU and GPU access the same memory location simultaneously. To avoid simultaneous access
of same memory location by host and device threads we introduced two new sets of fixed sized
queues namely Overflow and Incoming queue residing in the device memory as an addendum
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Figure 5.3: Flow diagram of ActiveGPU load balancing approach

to the main task queue. We add a Queue Management Logic(QML) between the GPU threads
and the queues. Two states (Q in overflow and Q in starvation) representing the state of the
main task queue are defined along with statically tuned thresholds overflowTh and starveTh.
These thresholds are used by QML to determine if the main queue is in overflow or starvation
state. Task read/write requests, originating from GPU threads, are thus accordingly routed
towards one of the three correct queues. If main queue is overflowing then QML forces GPU
threads to fill in Overflow queues when writing back new tasks where as if main queue is
starving QML directs GPU threads to pick new tasks from incoming queues.

Additionally, a set of Queue Status flags are introduced that maintain the current sta-
tus of Overflow and Incoming queues. There are three valid states for the Queue Status

flag - Empty, Full and Busy. When a host or device empties a queue it sets corresponding
Queue Status to Empty and similarly the status flag is set to Full once host/device has filled
up a queue. GPU threads set the queue state to Busy while they are filling up or reading from
queue. Note, that CPU host always reads/writes to these addendum queues in queue size chunks
and hence only writes onto a queue when its Empty and reads from a queue when its Full.
Defining the Queue Status is significantly important to enable mutually exclusive access to a
particular queue in absence of a CPU-GPU wide memory access ordering or locking mechanism.
The host thread continuously empties tasks that have spilled GPU threads into the Overflow
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Figure 5.4: Dynamic load balancing across multiple GPUs
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queue and stores them in the host side Pending Task Queue. These tasks can now take part
in the load sharing effort. Moreover, if any Incoming queues are empty host thread tries to fill
it using the tasks in Pending Task Queue.

We also modify the exit logic of the kernel so that it notifies the CPU when GPU is idle
and exits only when signaled by the CPU thread. Along with managing the device queues, host
thread continuously engages in non-blocking communications with other hosts to exchange
tasks as explained earlier. Fig. 5.3 illustrates the host and device side of activities under a
dynamic load shared multiGPU implementation. Fig. 5.4 provides an overall view of multiGPU
setup with host-device communication and inter-host communication via the network cloud.
The diagram also shows the request list that the Master node maintains and the host-side task
queue that is maintained by nodes.

5.2 Evaluation of multiGPU implementation

In this section we evaluate the two multi-gpu approaches we develop in previous sections - Staged
execution and fully dynamic ActiveGPU load balancer. To illustrate the benefits of non-blocking
host-to-host communication layer we present two variants of Staged execution - Semi Dynamic

distribution that uses non-blocking MPI calls for task sharing and Static distribution that uses
blocking MPI calls for task distribution. Multi-GPU simulations are performed on a cluster of
upto 16 C2050 Fermi GPU nodes and a maximum of 618 AMD Opteron cores. The GPUs on
the cluster used CUDA toolkit version 5.0.

The execution time for a system with up to 16 distributed GPUs is reported in Fig. 5.5.
For StagedExecution we developed two stages. Note that the ε used as stage boundary, was
carefully chosen with prior knowledge of the run-behavior. In this approach all GPUs were
globally synchronized across stages with MPI Barrier and tasks are distributed via a static
One-time scatter operation. This approach is shown to be least scalable owing to the static
load-balancing strategy which is a misfit for an irregular applications such as ours as noted
before. The results are shown primarily to compare and demonstrate the benefits of the other
two approaches. Semi-Dynamic Staged Execution also employs two stages but the large pending
task-list extracted from GPU in an earlier stage is distributed using non-blocking host-to-host
communication stack. This variant shows improved scalability. Finally the ActiveGPU load
balancer is a fully autonomous self-balancing system and performs best in terms of scalability.

OverflowTh and StarveTh of ActiveGPU load balancer governs the frequency of task ex-
hange between CPU and GPU. In the same way, ReleaseThreshold and RequestThreshold

control the granularity at which tasks chunks are exchanged between CPU nodes. Using differ-
ent set of thresholds and chunk size we created different sharing setups. A fine grained sharing
system would have smaller thresholds and smaller chunk size for higher frequency of task ex-
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Figure 5.5: Performance comparison of multiGPU load balancing techniques

change throughout the system. For a small 16-GPU cluster fine-grained sharing produce a much
more balanced load distribution as shown in Fig. 5.6. The resulting performance benefits are
shown in 5.7. While finer grained sharing is the preffered setup the knobs may have to be
tuned for a very large distributed system with interconnect bandwidth constraints to reduce
the higher load-sharing traffic fine-grained task exchange.
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Chapter 6

Additional Discussion

Guaranteed integration techniques form the core of Bounded error estimation. In this section we
make key observations about the mathematical properties and deficiencies of the Guaranteed
integration technique.

6.1 Wrapping effect and pessimistic bounds

The key property of Guaranteed integration methods is that the they produce guaranteed or
validated enclosure of the predicted state. Unlike numerical methods which report solutions
with an unknown global error, this approach is able to place a guaranteed bound around its
prediction. In order to produce a guaranteed enclosure, initial error or uncertainty is propagated
through out the multi-step prediction process and gets accentuated with each step. Hence, in
cases of considerably large uncertainty in initial conditions the enclosures soon start to become
very large and this property is termed as wrapping effect. Understandably, wrapping effect
also starts to show up when predicting across large number of time-points due to repeated
propagation and accentuation of error. Note, that this property of over-approximation and
hence bloating of propagated error is a property of Interval analysis. For eg, addition of two
intervals would always result in a larger interval.

Prior work based on mean value forms and matrix pre-conditioning has tried to address
the wrapping issue. Work by Rhim [36] and later Raisi [34] addressed this issue by using high
order Taylor expansions to produce tighter enclosures. By gaining a tighter enclosure they try
to decrease the pessimism introduced by the propagating error since the interval sizes are kept
small. Note that use of higher order of Taylor expansion increases the compute requirements and
researchers are still attempting to find better performing techniques that are not as compute
hungry. Some of the recent work [22] has been focused on finding newer ways to get tight
enclosures specifically for models showing monotonic properties.
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Figure 6.1: Performance gain with approximation

However, we argue that our approach focuses on the irregular nature of the SIVIA algorithm
and is not completely dependent on the guaranteed integration or the enclosure methodology
used. Future techniques should still result in similarly irregular workload and hence would
benefit from the parallel GPU approaches presented in this work.

6.2 Algorithmic solutions

In this section we present some algorithmic approximation techniques that can greatly reduce
compute time and give useful insights for long running estimation problems. Running different
models on SIVIA, we observed that a feasible region Pf is often broken down into large number
of smaller regions and ultimately most of them are classified as feasible. This is an artifact of
pessimism introduced due to error propagation properties that behave worse on bigger regions.
Hence, despite a region being feasible its bigger size forces the algorithm to categorize it as
indeterminate resulting in further sub-division. Prior knowledge of this mathematical possibility
allows us to develop an approximate method. During execution of estimation algorithm our
implementation looks for cases where a region is repeatedly being bisected without rejecting
any smaller sub-region. We then shift the execution process to pick smaller sub-regions from the
large search-region based on a pre-defined selection logic with length of each side being ε. If all
selected regions are found to be feasible then we approximate the whole box to be feasible or else
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Figure 6.2: Accuracy of approximated param-set

revert back to normal searching for large search-region. In our experiment on SEIR model, the
number of sub-regions selected was varied from 2 to 32. The larger search-regions typically had
edge sizes of 0.0005 while the ε was set at 0.0001. For 2,4 and 8 sub-region cases (2-P,4-P and
8-P case) region selection logic was programmed to select sub-regions at diagonally opposite
corners of the larger search-region. For the 16-P case, 8 more regions were picked from the
center point of any 8 edges of the 3D region. The 32-P case consisted of 16 randomly selected
regions in addition to the ones in 16-P case. The fig 6.1 shows the timing results for different
number of param-sub regions chosen to test the hypothesis. In fig 6.2 we demonstrate with
sub-regions having 1/5th of the original edge-size 16 sub-regions per larger-region is enough
for SEIR model to detect feasible regions with over 99% accuracy compared to the original
run. The accuracy was tested by comparing the volume of original feasible solution with the
approximate one. Hence with a speed of additional 100x we are able to produce results with
99% accuracy for certain models. We acknowledge that these results may be heavily dependent
on the model. Evaluation of this technique on more models is part of future work. Readers
are however warned that the estimate of parameter set obtained through this approximation
cannot always be a mathematically proven guaranteed set.

45



Chapter 7

Conclusions and Future Work

7.1 Conclusions

In this work we presented GPU based parallel design and evaluation of Bounded error parameter
estimation for system biology models. Inspite of the design complexities due to irregularly
available parallelism and unequal task sizes, we show that a GPU based design is able to provide
considerable speedups over CPU-only designs. We demonstrate about 18x improvement than
8-core CPU implementation when running on an older Fermi GPU and about 65x speedup
when running on latest Kepler GPU designs.

Our approach also re-emphasizes the importance of workload characterization when map-
ping complex workloads on parallel architectures. The workload was found to be highly irregular
in nature with non-deterministic behavior in both spatial and temporal domain. Understanding
the key aspects of the workload, namely task creation and task termination pattern, allowed
us to effectively design and optimize our approaches. Two execution schemes to consume the
dynamically growing workload were proposed -

� Multi-kernel approach generates a new kernel run to consume all new tasks generated by
previous kernel run.

� Persistent thread approach spawns a fixed number of threads that iterate over a global
task queue until parameter search is complete.

We argue that the flexibility originally present in Persistent thread approach can allows us
to better map a highly irregular workload. We show that Persistent thread approach provides
room for finer grained task scheduling policies such as Eager Task Fetch. With Eager Task
Fetch optimization we observe a search time improvement of 35% for our sample models. We
show that such policies are crucial in improving GPU load inefficiencies that arise due to warp
divergence. For a highly irregular workload, Eager Task Fetch optimization can improve basic
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Persistent thread implementation by over 100% and thus we choose optimized Persistent thread
approach as our primary GPU approach.

The single GPU implementation was extended to utilize multiple GPUs. We developed a
novel fully dynamic load balancer for the persistent thread based GPU kernel. For this we
designed a special CPU-GPU interaction mechanism to extract or inject work from CPU while
the kernel is live. A MPI based non-blocking master-slave system was added to the host enabling
various nodes to exchange work in parallel while the GPU kernel continues to work. We show
that this approach performs best in terms of load balancing. Overall, we demonstrated that
large speedups are possible on irregularly parallel applications such as Parameter estimation.

7.2 Future Work

We plan to evaluate our implementation on a larger variety of models. A key task here would
be include techniques such as automated differentiation to allow automatic code generation
for performing guarenteed implementation on an arbitary model. Publicly available guaranteed
integration approaches such as as VNODE, LSODA, AWA maybe incorporated to increase the
applicability of our approach. To extend the contribution to parallel computing world, the new
Persistent thread based dynamic load balancer may be evaluated on irregular workloads from
other domains.
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