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Abstract

This paper presents the SIMD Phase Programming Model, a simple approach to solving
asynchronous, irregular problems on massively parallel SIMD computers. The novelty of
this model consists of a simple, clear method on how to turn a general serial program
into an explicitly parallel one for a SIMD machine, transferring a portion of the flow
control into the single PEs. Three case studies (the Mandelbrot Set, the N-Queen problem,
and a Hopfield neural network that approximates the mazimum clique in a graph) will
be presented, implemented on two different SIMD computers (the UCSC Kestrel and the
MasPar MP-2). Our results so far show good performance with respect to conventional
serial CPU computing time and in terms of the high parallel speedup and efficiency achieved.

1. Introduction

Since Flynn’s classification of computer architectures [8], parallel computers have de-
veloped along two major structures: the Single-Instruction Multiple-Data (SIMD) and
Multiple-Instruction Multiple-Data (MIMD). Parallel applications, on the other hand, can
be divided into three main categories [24]:

e synchronous problems, with a uniform structure and an easy load balancing;

e loosely synchronous problems, in which a synchronization phase must be provided to
assure proper computation flow and load distribution; and

e asynchronous problems, in which the convergence rate is data-dependent and there-
fore unpredictable.

Synchronous problems naturally map onto SIMD architectures and take full advantage
of their regular structure. Traditionally however, it has been more common to develop al-
gorithms for loosely synchronous and asynchronous problems on the more flexible MIMD
architecture. In this paper we will describe a programming technique, called SIMD Phase
Programming Model (SPPM), that provides a simple yet efficient framework for developing
asynchronous, general programs on SIMD platforms. This work originates from our exper-
imental studies with the Kestrel parallel processor, a SIMD computer designed and in use
at the University of California, Santa Cruz. Our model, however, seems to be applicable
to any SIMD computer featuring at least the following basic forms of processor autonomy
[10, 21]: i) local indirect addressing, ii) PE masking capability, and iii) a global signal (e.g.,
a “global-or”) for PE polling and conditional branching. It must be noted that this is a
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“work in progress”; the model is further refined with each new application. Here we will
present experimental results from the Kestrel processor and the MasPar MP-2 on three
asynchronous problems with different degrees of irregularity and data connectivity.

2. Related work

Apart from a large number of papers and books dealing with systolic processing, little can
be found in the literature about solving irregular, general problems on SIMD architectures.
The various approaches can be grouped into three categories: i) single case studies, ii) high-
level support systems and parallelizing compilers, and iii) “MIMD on SIMD”.

Many researchers have successfully explored the use of SIMD processors for solving
irregular problems, like stochastic simulation [4], fractal image compression [14], image
processing [20], graph matching [2] and general scientific computing [7]. The work by
Tombulian and Pappas proposes a solution to the Mandelbrot Set on a MasPar MP-1
[25]. Tong and Leung offer examples of solutions of asynchronous problems requiring
backtracking (like the N-Queen problem) implementing finite domain constraint languages
on massively parallel SIMD machines [26]. All of these works, however, present a specific
solution to a specific problem on a specific architecture, and therefore lack in generality.

A more general approach to deal with loosely synchronous and asynchronous problems
can be found in works like the one by Shu and Wu [24]. Their view of a program as a
collection of processes consisting of atomic computations closely matches our organization
of a program in cycles and phases. Their computation selection algorithms and ours are
also similar in principle. The major difference lies in their use of a high-level runtime sup-
port system (the P Kernel), as opposite to our low-level program coding methodology that
does not need a high-level scheduler. In fact, our approach favors explicit versus implicit
parallel programming, which may be slightly more difficult but usually achieves better per-
formance, not relying on a compiler to parallelize the code [9]. In a subsequent paper [29],
Wu and Shu give a comprehensive survey of the different approaches to general-purpose
programming on SIMD architectures, and Uresin and Dubois [27] offer a mathematical
analysis of asynchronous implementation of iterative algorithms. Again, these approaches
are inevitably bound to the availability of the runtime support system and/or the paral-
lelizing compiler on the architecture at hand.

Other approaches to the implementation of asynchronous algorithms on SIMD systems
fall under the category of “MIMD on SIMD” [1, 28], and make use of the local indirect
addressing capabilities to load the program along with the data in the PEs’ local memory.
Functional parallelism is then achieved by means of a local program counter, but this
actually turns the SIMD system into a MIMD one. Finally, the general problem of mapping
parallel algorithms to different parallel architectures, even though the main focus is on
MIMD systems, is discussed thoroughly in the paper by Chaudhary and Aggarwal [3].

3. The “SIMD Phase Programming Model”

The computational model for SIMD Phase Programming can be viewed as an enhanced
“instruction-level approach” [24, 29]. A parallel computation will be split into a set of
phases, “atomic” sequences of instructions serially executed by the PEs. The phases are
grouped at a higher level into one or more different cycles. The array controller loops
through all the instructions within a cycle, one phase after the other. Each PE stores



in an appropriate register (the “cycle register”) a number corresponding to the phase it
is executing or going to enter next. At the beginning of each phase, a simple activation
check defines what the active set of PEs will be for that phase. After the execution of
the instructions in the phase body, a transition test will assign the next phase to each
individual PE, based on their computation outcome. Therefore, self-synchronization of
operation is performed within each PE by proper phase assignment in the cycle register,
not requiring any upper-level supervision.

The basic SPPM parallelization process has four steps. The first step consists of finding
a way to partition the problem (either the data or the computation) into a number of
possibly disjoint subproblems (tasks), creating a “task pool”. At the beginning of the
computation, each PE will be assigned a task to perform, removing it from the pool. During
the computation, the remaining tasks are assigned on demand to the PEs upon completion
of their tasks. When the task pool is empty, the PEs cannot receive new tasks and simply
sit idle, waiting for the others to finish. This wasted time is called “tailing overhead”, and
can be reduced by creating a number of tasks much larger than the number of available
PEs (Section 6). The computation ends when the last PE terminates the last task.

IF (PE_Phase == 1)

IF (PE_Phase == 2)
do (OPC)

EXECUTION FLOW

IF (PE_Phase == 3)
do (OP B)
ALWAYS

PE_Phase:=1

IF (PE_Phase == 4)

do (OP D)

IF(C3)

END Program

ELSE

PE_Phase:=1

Figure 1. SPPM parallelization: serial flow-chart with phase identification (left), par-
allelized program (center), “phase-clock diagram” (right).

The second step in creating an SPPM program is to write a serial program reflecting
the chosen problem partitioning (Figure 1, left). Then, the major branching conditions
are identified, and used to partition the program into “phases”, composed of operational
blocks and their respective trailing branching conditions. Phases are assigned a unique
number.

The third step is the actual parallelization, and consists of adding “activation checks” at
the beginning of phases, before the operational instructions, and of turning the branching
conditions into phase register assignments (Figure 1, center). At this point, the program
has become a simple sequence of phases and is basically parallelized. Figure 1, right,
shows the “phase-clock diagram” representation of the parallel program, symbolizing that
the instruction pointer (IP) in the controller will loop through the program over and over,
broadcasting the instructions of all phases in sequence, until a terminating condition is
met. Of course, in this process, we introduce different sources of overhead, of which, by
far, the major is the intrinsic parallelism overhead, originating from the fraction of PEs
that are non-active in a phase.

Thus, the fourth step in building an SPPM program is reducing parallelism overhead,



1C3

p4l
ic2 c2
p21 p24

- (Dora g'llz (@orc

IC1
pl3

(START

Cc3

T a1~ ENDD

ALWAYS
p3l=1

Figure 2. The dependency graph for the example in Fig. 1.

which means maximizing the number of logically active PEs over time. A first method to
improve the performance is simply to order the phases in such a way that, according to
the statistical behavior of the algorithm, the probability for a PE active in phase n to be
active also in phase n 4+ 1 is maximized. A useful means of achieving this is to obtain a
dependency graph (Figure 2) with transition probabilities.

Unfortunately, dealing with irregular problems, this is not enough, and some optimiza-
tion techniques can be adopted to further speed up the execution time.

4. Optimization

Dynamic phase skipping At the beginning of a phase, before the activation check, we
can poll the PEs to ensure that at least one will be active in that phase. Otherwise, the
phase (or group of consecutive phases, if program structure allows) can be skipped. This
kind of polling can be quickly performed via a globalor signal. Differently from other
results [1, 12], we found that if phases are considered as macro-instructions, they are not
always needed even though the number of PEs is large, and therefore this method actually
improves performance.
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Figure 3. Phase skipping and loop repeating optimizations.

Deciding whether to apply phase skipping is based on the probability of a phase to be
executed and on its execution cost. Referring to Figure 3, center, let I be the cost of the
polling and I,, be the cost of the phase itself. The total overhead resulting from applying
phase skipping to a phase for [ loops through the cycle is [I;;. For simplicity, let p, be
the probability that at least one PE be active in the phase. Then the total benefit A
from applying phase skipping is the difference between the instructions skipped and the
overhead cost A = 1(1 — p, )1, — lls. In fact, the polling instructions will be executed at
every loop and, on the average, a 1 — p, fraction of the loops the phase instructions will be
skipped. As I, depends on the machine architecture and the probability p,, depends on the
problem and algorithm, the criteria to decide whether applying phase skipping to a phase
becomes I, > I /(1—py) A further improvement can be obtained by counting the number



of PEs that would be accessing a phase and entering the phase only if the number is above
a certain threshold, which must be dynamically adjusted because toward the end of the
computation the actual number of PEs still involved in the process decreases. However,
this more complex polling may introduce a larger overhead, reducing its applicability.

Static loop repeating Looping through a phase or a group of consecutive phases a fixed
number of times before moving on to subsequent phases can also improve performance. For
this method to be useful, a significant number of PEs must be active in the same phase many
times in a row, which is often the case with a program’s main computation. Referring to
Figure 3, this means that py, > >, pn;. The optimal number of repetitions can be figured
out experimentally and tailored to the specific problem. However, when enough knowledge
of the problem is available, one can loop through a phase while, on the average, at least
half of the PEs are still active. Let Np, (where N is the total number of PEs and p, is
the phase probability) be the average number of PEs that are going to be active in Phase
n. After k loops through the phase, Np, p¥, are still active. The number &* of loops after
which the number of active PEs is down to N/2 is therefore k* = [—{%g%] As in the
case of phase skipping, a dynamic adjustment can provide better performance, based on
the current number of active PEs, but only when the controlled program section is large
enough to justify the increased polling cost.

Multiple cycles Phase skipping and loop repeating are performed within a single cycle.
SPPM programs can also be partitioned at a higher level, combining phases into different
cycles. Moving between cycles is accomplished with “jump phases”, in which a test for
a cycle jump will be performed, based on the global-or or a more complex polling with
dynamic threshold. After a cycle jump, the instruction pointer will loop through the new
cycle over and over until another cycle jump brings it back to the previous cycle or moves
it to yet another one. For example, multiple cycles are useful for large phases in which PEs
are seldom active. Figure 4 shows an example of this, assuming that Phase 4 in Figure 1
is an output phase performed only at the end of a much heavier computation. The phase
is removed from the main cycle and turned into a separate cycle, including the program
terminating condition. Different phase registers must be used in different cycles to allow
proper computation flow.

~ ((END

Figure 4. Splitting a cycle into multiple cycles.

The organization of a program into multiple cycles is not properly an optimization, but
provides, however, a much cleaner program partitioning and structuring that is especially
useful for large programs.



5. The UCSC Kestrel and the MasPar MP-2

The Kestrel parallel processor Kestrel (born for computational biology applications
[15]) is a 512-PE SIMD linear array on a single PCI board for a Linux/NT/OSF host
[5, 11]. The system (Figure 5, left) is composed of a PCI interface unit, an instruction
memory, the array controller, and the PE array. Input and output of data to and from the
array can take place only at the array ends, through the array controller, with input and
output queues providing synchronization with the PCI bus. Each PE (Figure 5, right) is
composed of 3 basic blocks: an operating unit, a local memory and two banks of “systolic
shared registers” [16]. The 8-bit operating unit groups an ALU, a multiplier, a bit-shifter
(also used for conditional operation and PE masking), a comparator and some flag logic.
The local memory is a 256-byte static RAM (operating at the same speed as the ALU)
that can be addressed using local indirection. A global wired-or signal (like the globalor
in MasPar MPL) can be detected by the controller and is used to poll the PEs and perform
global branching in the instruction sequence.
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Figure 5. Kestrel high-level structure (left) and a detail of the PE array (right).
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The MasPar MP-2 The MasPar is a well-known parallel processor. It is a SIMD bi-
dimensional array composed of 1k, 2k, 4k, 8k or 16k PEs (our programs were tested using a
4k-PE MP-2). Its operating mode complies with our requirement, on processor autonomy as
stated in Section 1 and is therefore suitable to implement programs according to our model.
The MasPar MP-2 architecture is essentially identical to the MasPar MP-1 architecture
[22], except that the word length is 32 bits instead of four and the bandwidth to local
memory is doubled.

6. Case studies

The Mandelbrot Set is on the complex plane, and is obtained by performing an iteration
on each pixel and assigning it a color according to when the iteration stops [6]. This
problem is a classic example of an irregular work load with “shared-nothing” data [9, 25].

The N-Queen Problem is to place N queens on an N X N chess board in such a way that
no queen can be taken by any other, that is, no queen can be on the same row, column
or either diagonal as any other. Our approach to the problem requires finding all possible
solutions rather than just the first one, to effectively compare overall performance (in a
depth-first search like this, super-linear speedup can be achieved when looking for just any
one solution, due to the non-uniform distribution of solutions in the search space [23]).
This problem is another example of an irregular, data-dependent workload [24, 26].



A clique in a graph is a completely connected subgraph. The maximum clique in a graph
is the largest clique in the graph, and finding it is a problem known to be NP-hard. The
third case study is a Hopfield neural network used to approximate the maximum clique.
The algorithm uses multiple adaptive restarts to focus on the most promising areas for the
network evolution [18, 19]. During network evolution, an energy function decreases to a
minimum, corresponding to a clique. The lower the minimum, the larger the clique. This
algorithm is significantly more difficult to parallelize, mainly because the data space cannot
be partitioned into disjoint sub-spaces. The SPPM implementation, therefore, partitions
the computation process itself, rather than the data.

Load balancing and task allocation In both the Mandelbrot Set and the N-Queen
Problem, it is possible to partition the problem into a number of disjoint subproblems.
The natural choice for these subproblems in the Mandelbrot Set are square n X n pixel
“patches”. In the N-Queen Problem, the tasks are the sub-trees corresponding to the valid
initial positions of M queens in the first M columns of an N x N board. The Hopfield
network problem must be treated differently. Without resorting to complex divide-and-
conquer strategies, the graph (the network) cannot be partitioned into disjoint subgraphs.
We therefore choose to partition the computation process. Instead of performing a certain
number of restarts on a single processor, we perform a fraction of the restarts on multiple
processors, cutting down execution time for the same total number of restarts. The random
nature of the algorithm allows different PEs to explore different zones of the graph and
come up with different solutions. The basic mechanism, however, is still the same as in the
other case studies.

Figure 6. Mandelbrot Set computation at four time steps during program execution.

Load balancing is dynamically performed as long as the number of subproblems is larger
than the total number of PEs. The Mandelbrot Set computation progress is a good example
of this behavior (Figure 6). If the granularity (ratio between the number of subproblems
and the number of PEs) is correctly chosen, all PEs will be logically active until the very
end of the computation, keeping the “tailing-overhead” low. A steeper edge (corresponding
to a better utilization) can be obtained by increasing the granularity. However, beyond
a certain limit, the benefits are overcome by the increase in other sources of overhead
(especially the communication and I/O overhead). Figure 7, left, shows the utilization
curves obtained with the 12-Queen program for different granularities. It can be clearly
seen how a low granularity (curve M = 3) poorly exploits the parallelism, and how, on
the other hand, increasing the granularity too much (curve M = 5) brings other sources of
overhead into play and degrades performance.

Results Table 1 shows the wall clock execution times of the three case studies with
different parameters and problem sizes. In the case of the maximum clique, the program
was written only for the MasPar system because the limited local memory on Kestrel would
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Figure 7. 12-Queen problem PE utilization with different granularities (left) and Man-
delbrot Set wall-clock timings versus problem granularity (right).

have allowed only the processing of graphs too small to be of interest. The example graphs
are from the official benchmarks of the DIMACS contest [13, 17]. For comparison, the
timings for a program running on a serial CPU (143MHz SUN Ultra-SPARC 1 with 256
MB RAM) are also reported, along with the performance speedup of the parallel programs.

CPU | Kestrel (512 PEs) | MP-2 (4096 PEs)

MAXITER || time [s] | time [s] | speedup | time [s] | speedup
1000 22.6 1.8 12.0 ) 4.5
5000 104.9 6.2 16.9 13 8.0
50000 1052.2 52.9 19.9 88 11.9

(a) Mandelbrot Set (with MAXITER iterations inside the set).

solutions | CPU initial | Kestrel (512 PEs) | MP-2 (4096 PEs)
N | found || time [s] | branches | time [s] | s | time [s] [ s
13 73712 35.5 6404 4.1 8.6 16 2.2
14 365596 226.0 9632 23.4 9.6 80 2.8
15 | 2279184 | 1596.3 13980 156.3 10.2 495 3.2
(b) N-Queens.
best v | CPU MP-2
graph \4 |E| v* || found | time [s] | time [s] | s.u
san200-0.9_1 200 | 17910 | 70 70 290.2 12| 24.1
hamming8-4 256 | 20864 | 16 16 13.1 11 13.0
p-hat500-3 500 | 93800 | 7 44 354.3 8| 44.2

(c) Maximum Clique with Hopfield network (|V|, |E| and v* are the graph size,

the number of edges and the size of the maximum clique respectively).

Table 1. Execution time of case study programs and speedups with respect to CPU

As expected, the parallel programs perform best in the Mandelbrot case, which has the
least communication and synchronization. In all three problems, performance with respect
to a serial processor increases with increasing problem complexity because the parallelism
is increased and parallelization overhead is reduced.

Parallel speedup and efficiency. The parallel speedup is the ratio between the



execution time using a single PE and the execution time using N PEs, which gives a
measure of how scalable the program is with respect to machine size. The efficiency is the
ratio between the speedup and the corresponding number N of PEs used, and indicates
the average fraction of PE active time with respect to total time (Figure 8). As mentioned
above, the curves relative to the maximum clique program exhibit super-linear speedup at
times, and therefore the corresponding efficiency is greater than one. The linear portion of
the speedup graphs, before saturation, extends well into high numbers of PEs, indicating
that the programming model provided good scalability.
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Figure 8. Speedup (left) and efficiency (right) of the case studies.

7. Discussion and conclusions

Even from this informal description of the proposed programming model, two major
drawbacks stand out. First, finding a good problem partitioning may not always be easy
or even possible. Moreover, if the granularity cannot be varied, the amount of local memory
within the PEs can be a limit to the problem size. A solution to this can be “PE clustering”,
grouping more than one PE into a single operational unit. Second, the parameters for the
optimization techniques described above strongly depend on the statistical behavior of the
algorithm on the data, and thus require a certain amount of experimental trimming. The
development of profiling tools could ease this task. It must be noted, however, that these
two problems are common among explicit programming methodologies, and that they were
easily overcome in our case studies. Currently, we do not foresee SPPM to be a compiler
method. Instead, it is a framework for describing and implementing explicitly parallel
programs quickly. Its use enables us to envision a variety of coding and analysis tools to
assist the programmer.

To summarize, the main result of this work is a further proof that SIMD parallel comput-
ers are not so restricted in their applicability, but can also efficiently solve asynchronous,
general problems. A simple programming paradigm, the SIMD Phase Programming Model,
has proved so far to be an adequate tool to perform this task.
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