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Preface 

The Austrian Center for Parallel Computation (ACPC) is a co-operative research organiza­
tion founded in 1989 to promote research and education in the field of software for parallel 
computer systems. The areas in which the ACPC is active include algorithms, languages, 
compilers, programming environments, and applications for parallel and high-performance 
computing systems. 

The partner institutions of the ACPC come from the University of Vienna, the Technical 
University of Vienna, and the Universities of Linz and Salzburg. They carry out joint re­
search projects, share a pool of hardware resources, and offer a joint curriculum in Paralle1 
Computation for graduate and postgraduate students. In addition, an international confer­
ence is organized every other year. The Third International Conference of the ACPC will 
take place in Vienna in 1995. 

The Second International Conference of the ACPC took place in Gmunden, Austria, from 
October 4 to October 6, 1993. The conference attracted many participants from around the 
world. Authors from 17 countries submitted 44 papers, from which 15 were se1ected and 
presented at the conference. In addition, 4 distinguished researchers presented invited pa­
pers. The papers from these presentations are contained in this proceedings volume. 

The organization of the conference was the result of the dedicated work of a large number 
of individuals, not ail of whom can be mentioned here. l would like, in particular, to ach­
nowledge the efforts made by the members of t):le Program Committee and the referees. The 
organizational and administrative support from Alfred Spalt, Romana Schiller, Irmgard 
Husinsky and Bernhard Knaus was exceptionally valuab1e. 

Finally, we gratefully acknowledge the following organizations which have supported the 
conference: 

The Austrian Ministry for Science and Research 
The Austrian Science Foundation (FWF) 
The Governor of the Province of Upper Austria 
The Mayor of Gmunden 
Amt der 0.0. Landesregierung 
Karnmer der Gewerblichen Wirtschaft für Ober6sterreich 
Linzer Hochschulfonds 
Vereinigung Osterreichischer Industrieller Landesgruppe 0.0 
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Baeher Systems EDV GmbH (Vienna, A) 
CRAY Research GmbH (Munich, D) 
Digital Equipment Corp. (Vienna, A) 

V1 

GE.PAR.D, Ges. f. ParaUele Datenverarbeitung GmbH (Vîenna, A) 
IBM (Vienna, Al 
Intel Corporation Ltd. (Swindon, U.K) 
MasPar ComputergeseUschaft (Neubiberg, D) 
nCUBE Deutschland GmbH (Munich, D) 
Siemens Nixdorf Informationssysteme GmbH (Vïenna, A} 
Silicon Graphies GmbH (Vienna, A) 

Linz, August 1993 Jens Volkert 
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High-Performance Computing on a Honeycomb 
Architecture * 

Borut Robii: and Jurij Sile 

Institute Jozef Stefan, Laboratory for Computer Architectures 
Jamova 39, 61111 Ljubljana, Slovenia 

e-mail: borut.robic@ijs.si 

Abstract. We explore time and space optimization problems involved 
in the mapping of parallel algorithms onto a honeycomb architecture. 
Wh en a well-known mapping is nsed, mapped algorithms generally ex­
hibit execution slow-down and require too large area. We design sever al 
optimization techniques and enhance the mapping process. Experimen­
tal results show more than 50 % saving in processor resources and 30 % 
saving in execution time, on average. Since computing performances are 
improved, also the applicability of the honeycomb architecture is wider. 

1 Introduction 

In sequential computation special purpose machines have no major advantage 
over general purpose machines, since the later can perform the same functions 
almost as fast as the former. This means that, in sequential computation, the 
universality can also be made efficient. In parallel computing, however, the ques­
tion of whether efficient universality can be found has no c\ear answer yet, in 
spite of the fact that sever al models of realistic machines have been proposed and 
man y parallel computers have been built. For example, systolic and wavefront 
VLSI processor arrays proved efficient in execution of decision-free algorithms 
which are characterized by having a dataflow pattern and computation order 
independent of the data values [1]. Yet, these algorithmically specialized arrays 
are not suit able for execution of many other algorithms that do not exhibit such 
a high regularity. 

For this reason, a universal processor array, i.e. an array capable of executing 
arbitrary algorithms, was suggested in [2]. The array consists of cells (processing 
elements) which are arranged in rows, each pair of rows being separated by the 
communication bus (Fig. la). The bus enables cells to communicate with a host 
computer for algorithm down-loading and data 1/0. Each cell has six immediate 
neighbors, and is connected to them by point-to-point links. The computation is 
data-driven, i.e. each cell is capable of testing for the presence of its operands and 
executing only the instructions for which ail the necessary operands have arrived. 
The name honeycomb is suggested by Fig. lb, where only cells are depicted. An 

* This research is supported by the Ministry of Science and Technology of the Republic 
of Slovenia. undei gra.nt P2-5092-106(93. 
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arbitrary parallel algorithm is written in a dataflow language, and mapped onto 
horieycomb architecture using a four-stage process. During the first stage the 
program is translated to a dataflow graph (DFG). The second stage, referred to 
as DFG-mapping, maps the DFG onto a potentially unbounded honeycomb. The 
third stage partitions the arfay Înto chips while the Jast stage down-loads the 
tasks to the cells of the array. This idea of direct mapping an arbitrary algorithm 
on a hexagonally connected VLSI array was introduced in [3] and improved in 
[4J where medium grained parallelism was usecl. 

(a) 

00000 
00000 

00000 
00000 

00000 
00000 

(b) 

Fig.l. Honeycomb architecture: (a) Implementation. (b) Scheme. 

However, the universality of thearray is not as attractive as it seems at first 
sight because not al! mapped algorithme use the array efficiently. In particular, 
some may requirè a too large chip area, others may not execute fast enough. The 
mapping pro cess may be improved by changing array architect1.lre, thus making it 
more amen able to the mapping. In [5J, for example, blocks ofcells (charaderized 
by tighter coupling) are created, and array connectivity is improved by addition 
ofwires and switching elements between blocks. In [6] cells contain upto 16 nodes 
and two communication links connect every two adjacent cells. In this paper, we 
improve computing performance of the honeycomb by adding the optimiziüion 
process to the DFG-mapping while keeping the basic cel! architecture. 
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2 Mapping 

The mapping process st arts with the translation of a program, written in the 
dataflow language VAL, to a DFG. The translator was built utilizing Unix tools 
Lex and YACC [7]. Fig. 2 shows a simple if-then-else VAL program [8] and 
i ts translation to the D FG. 

function iLthen_else ( 
a, b, c, d, g, h, j, k, q : real) 
returns (real) 
if a = b 
th en 

if c = d 
then 

g*(h+q) 
else 

j+k 
endif 

else 
e*f 

endif 
endfun 

(a) (b) 

Fig. 2. if-then-eIse: (a) VAL program. (b) Its DFG. 

2.1 DFG-mapping 

The DFG is mapped onto theoretically unbounded honeycomb during the DFG­
mapping stage. At this point, sorne fun dament al constraints, imposed by tech­
nological characteristics of the architecture, are to be obeyed. In particular, each 
cell is connected to six adjacent cells, communicates with them simultaneously, 
and is capable of performing computational and routing tasks concurrently. 

The DFG-mapping consÎsts of three steps, referred to as layer construction, 
placement of the layers, and path construction. 
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4 

Fig. 3. if-then-else: Direct mapping. 

During the first step, the set of vertices of DFG is partitioned into layers. 
Layer 0 consÎsts of vertices accepting only external input data. A vertex is in 
layer i > 0, if one of its inputs cornes from a vertex at layer i - 1, and none 
come from layers k 2: i. In Or der to construct layers, arcs that close loops are 
first detected applying depth-first traversaI of DFG. These backward arcs are 
temporarily eut. This results is an acyclic subgraph of DFG whose vertices are 
then partitioned into layers according to labels obtaincd by topologie al sort. In 
the second step, each of the layers is placed on its own row of cells in the array. 
The placement is performed accQrding to the associated labels, i.e. layer i is 
placed onto the i-th row. Next, the vertices in each row are permuted so that 
the paths which still remain to be built in thenext step are expected to be short. 
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Vertices which are to be connected are arranged as much as possible one under 
another to allow the paths between them to be as vertical as possible. The final 
step of DFG-mapping determines how the arcs of DFG are represented by paths 
in the array. The paths are built in a heuristic piece-meal fashion moving from 
one cell to another. At each cell, a single communication link is added to one or 
more incomplete paths which go through it. The processing of the in complete 
paths is performed according to their dynamically assigned priorities. This makes 
it possible to choose a suitable routing heuristic. Rowever, situations still develop 
where a large number of paths have to be routed through a small area on the 
array. In such cases only the last decision in the routing pro cess is changed 
instead of performing an extensive backtracking to se arch for other routings. If 
this do es not solve the problem, a row or column of cells is simply added to 
the array. The result of DFG-mapping for if-then-else example is depicted on 
Fig. 3. 

Clearly, the depth-first traversai of the DFG cuts the loops at the last possible 
moment and thus constructs many layers. Since each layer is placed onto its own 
row the mapped DFG is overstretched downwards across the array. Moreover, 
each arc of DFG that has been temporarily eut connects vertices whose label­
difference is proportional to the length of the loop. The corresponding path in 
the array may thus be very long. 

ln summary, the mapped graph is exaggeratedly stretched downwards across 
the hosting array. It generally has vertical paths some of which connect cells of 
very distant rows. As a consequence, snch DFG mappings exhibit two disadvan­
tages. First of ail, since time complexity of routing operation is not negligible [9], 
execution slow-down may occur as a result of remote communication between 
some cells (especially for cyclic DFGs). Secondly, DFG mappings may require a 
too large area. 

2.2 Optirnization 

To evaluate the applicability of the proposed array, and to use it efficiently, one 
has to be able to map parallel algorithms onto it as optimally as possible. Rence, 
an optimization stage has to be designed. 

Let Jl be a mapping and G a DFG. The cost of a mapped graph M = Jl(G) 
is E(M) = I:p l'(p) , where the sum is taken over ail paths of M which are 
mappings of arcs in G, and l'(p) is the number of cells along each such path 
without endpoints. The object is to find mapping p.* which minirnizes the cost 
E. Instead of a direct searching for p.* an existing mapping P.o is fixed, and 
an addition al transformation ,* of P.o (G) is searched to minimize the cost by 
a composed mapping p. = ,* 0 P.o. For P.o the mapping of DFG-mapping from 
[3, 4] is used. Fig. 4 shows the result of applying such a transformation to the 
mapping on Fig. 3. The cost was reduced from E = 40 to E = 9. 

Given sorne mapping M of a DFG we say that a transformation of M is 
regular if it moves a single vertex of M to an adjacent cell and rerouts ail pos­
sible paths [10]. Generally, there are sever al regular transformations applicable 
to M. The neighborhood N(M) of M consists of ail mappings obtained from 
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Fig. 4. if-then-else: "Optima!" mapping. 

M by regular transformations. Local search CS, which is a general method for 
designing approximation algorithms [11], starts at initial mapping M =/lo( G) 
and searches for a mapping M' in N(M), so that E(M' ) < E(M). As long as 
an improved mapping M' exists, the algorithm adopts it and repeats the search 
from it. When a local minimum is reached, the algorithm stops. Fig. 5 shows 
the result ofapplying CS to the if-then-else example. The cast was reduced 
from E = 40 to E == 27. 

Probahilistic algorithms. Local search is a fast met.hod but it generally gets 
trapped in a local optimum. To escape from local optima sever al probabilistic 
algorithms have been proposed in the past, indudîng simulated annealing SA 
[12], threshold IJccepting TA [13], and quenching Q [14]. 

SA has become a popular tool for solving a wide dass of combinatorial 
optimization problems [12]. In our case the algorithm runs as follows. As in 
local search il. starts at initial mapping ).lo(G). After some mapping M has 
been reached, another mapping M' is randomly chosen from the neighborhood 
N(M). If M' is better than M, it is accepted. If it is worse, however, it is 
accepted only with a certain probability. This enables the algorithm to escape 
from trapping into a local minimum. The acceptance probability depends on 
a time-dependent parameter T and on the decrease in E. Since T is slowly 
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Fig.5. if-then-eIse: CS mapping. 

lowered during the running time, also the acceptance probability is lowered, 
making "bad" acceptances more and more improbable. The algorithm has been 
implemented with the following annealing schedule: T is lowered by a constant 
value (temperature function), at each T changes are attempted until a number of 
acceptances have occurred (number of repetitions) , and the algorithm stops when 
sufficiently few acceptances are occurring at successive temperatures (stopping 
criteria). Fig. 6 shows the result of applying SA to the if-then-else example 
where the cost was reduced to E = 24. 

A similar yet simpler algorithm is threshold accepting TA. It was reported in 
[13] that the algorithm yields better results than SA. Moreover, it was observed 
that with the sarne number of steps T A solutions were on the average better 
than SA solutions. . 

In our case, while SA accepts worse mappings with certain probabilities, 
TA accepts every new mapping M' which is "not much worse" than the old 
mapping M. To be more specifie, after sorne mapping M has been reached, 
another mapping M' is randomly chosen from the neighborhood N(M). If M' is 
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8 

Fig. 6. if-then-else: SA mapping. 

better than M, i.e. if E(M') <E(M), it is accepted. If it lS worse, it is accepted 
only if E(lIf1) - E(M) < t, for sorne threshold t > O. This enables the algorithm 
to escape from trapping into a local minimum. However, the acceptances of worse 
mappings become more and more rare because the threshold t is slowly lowered 
during the running time. 

Deterministic modifications. The choice of a "good" neighborhood for the 
problem is usually guided by intuition. There is a trade~off between large and 
small neighborhoods, sinee large neighborhoods may provide better local optima 
but generally take longer to search [12]. If the neighborhoods are too small, the 
pro cess may not be able to move around quickly enough to reach the minimum 
in a reasonable time. On the other hand, if the neighborhoods are too large, 
the proeess essentially performs a random search. In our case, the neighborhood 
N( M) as defined above (by regular transformations of M) is an adequate com­
promise. However, the neighborhood structure is not the only aspect that is free 
to be chosen so that the convergence speed of the a.lgorithms is improved. In 
this paper we design two modifications of SA and TA, whieh are still capable of 
escaping loca.l minima but haveimproved convergence speed. Informally, after 
some mapping M has been reached, deierministie selection of the next mapping 
Af' E }l(M) is performed instead of a random one. This selection is made by 
using "the most promising" transformation of M, i.e. su eh a regnlar transforma-
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tion 'Y, that the greatest decrease in the cast E is expected a.fter applying 'Y on 
M. We cali 'Y the guiding regular transformation, and the modified a.lgorithms 
Guided Simulated Annealing gSA and Guided Threshold Accepiing gr A. 

9SA algorithm: 

let M be initial mapping /Lo(C) 
choose an initial temperature T > 0 
loop: construct guiding transformation -y 

M':= -y(M) 
L1E := E(M') - E(M) 
if L1E < 0 

then M:= M' 
else if random(O, 1) ::; e- L1E

/
T 

then M:= M' 
if a long time no decrease in E 

or tao many it.erations 
then lower T 

if sorne tirne no change in E 
then stop 

goto loop. 

Fig.7. if-then-else: 9SA mapping. 

gr A algorithm: 

let M be initial mapping /LO (C) 
choose aminitial threshold t > 0 
loop: construct guiding transformation -y 

M':= -y(M) 
L1E:= E(M' ) - E(M) 
if L1E < t 

then M:= M' 
if a long time no decrease in E 

or too many iterations 
then lower t 

if sorne time no change in E 
then stop 

goto loop. 
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10 

Heuristic construction of the gui ding regular transformation of Iv[ proceeds 
as follows. For each vertex v of M and each path p incident to va physical 
force of attraction is assigned to v, having its magnitude proportional tol'(p) --and direction from v to the next processor on p. Let F (v) be the vedor sum of 
aIl su{:h forces acting upon v, F(v) its magnitude, and d(v) one of six directions --from v to adjacent processors which is closest to F (v). Now, let Vl, V2, ... be 
ordering ofvertices of M, such thatF(vi) 2: F(Vi+d, for i.= 1,2, .... Then the 
guidingregular transformation 'Y is described by a pair (Vk, d(Vk)), where k is 
the smallest index such that Vk can be moved in direction d(Vk) tothe adjacent 
processor rerouting ail incident paths. 

Fig. 8. if-then-eIse: 9T.A mapping. 

Fig. 7 and Fig. 8 show the results of applying 9SA and gr A to the ii-then­

else exarnple, respectively. gr A returned E = 23 while 9SA returlled E == 21. 
Moreover, these results were obtained3 to 5-times quicker compared to SA. 

3 Experimental Results 

We obtained severa! experimental results utilizing GraphCompactor, a tool which 
we designed to perform optimization with algorithms CS, gr A, ÇSA, and SA 
[15J. We considered fourteen DFGs from [3, 9, 16J. For each DFG probabilistic 
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algorithms have been run 3 - 5 times with different annealing schedules. Algo­
rithms SA and 9SA were implemented with the following annealing schedule. 
Initial temperature is To = aEo, where Eo is the cost of initial mapping and 
a > O. At each temperature Ti changes are attempted until en of acceptances 
have occurred, after which Ti is lowered to Ti+! = bTi, where n is the number of 
nodes in graph, 0 < b < 1, and e> O. Algorithms stop when sufficiently few ac­
ceptances are occurring at successive temperatures. The annealing schedule for 
gT A algorithm was the same as above with threshold t instead of temperature 
T. We considered 0.1::; a ::; 0.2, 0.8::; b ::; 0.9, and 0.2::; e::; 0.3. 

The quality ofmappings M = p(C) was evaluated by the following measures: 

area A(M), i.e. the number of cells utilized by mapping M, 
ehip-size C(M), the number of cells in the smallest rectangle enclosing M, 

maximum pa th length leM), i.e. the number of cells on the longest path of 
the mapping M, 
average path length leM), i.e. the average number of cells used to map an 
arc of C, 
average execution lime w(M) of the mapping M. 

Table 1. Average relative improvement of the DFG-mapping (in %). 

area chip-size max.path length avrg.path length avrg.execution lime 

Algorithm A C i l w 

CS 30 32 61 56 23 
gTA 43 47 80 75 27 
gSA 44 46 84 78 38 
SA 47 51 82 81 36 

" " optJmal Il 51 61 87 90 46 

Table 1 shows average relative improvements of the DFG-mapping which 
were obtained by algorithms CS, 9T A, 9SA, and SA. The average reduction in 
the chip size C (i.e. pro cess or resources) was between 32 % and 51 %, depending 
on the algorithm used. Note that at the same time the execution time w was 
reduced by 23 % to 36 %. Generally, it is difficult to say how close to optimal 
the improvements are, sinee there is no efficient way of knowing what the best 
mapping for a specific DFG is. However, using interactive mode of our Craph­
Compactor we were able to obtain "optimal" mappings, i.e. mappings having the 
energy E "close" to 0 (Table 1). Note that the results obtained automatieally· 
are near- "optimar . 

4 Concluding remarks 

Since the honeycomb data-driven array is capable of executing arbitrary algo­
rithms, it can be eonneeted to a host system to funetion as a slave processor to 
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handle specialized computationally intensive tasks. In the paper, we have exper­
imentally shown that the efficiency of the array may be considerably improved. 
As a result, the improved performance of the array makes its universality much 
more attractive. This makes possible to compare this pure data-driven architec­
ture to other ones, especially the new hybrid data! control-driven architectures 
[17, 18]. 

In discussing the problem of mapping parallel algorithms onto honeycomb 
architecture we have shown that there 18 a lot of possibilities for improvement of 
initial mappings produced by the DFG-mapping from [3, 4]. In particular, these 
mappings exhibit execution slow-down and require too many cells (processing el­
ements). We designed an optimization process and errhanced the DFG-mapping. 
The execution effieiency was thus considerably improved (more than 50 % saving 
in honeycomb space and 30 % saving in execution time, on average). The appli­
cability of the array is therefore much wider, sinee larger parallel algorithms ean 
be mapped onto it. For example, algorithm Even process [7] origihally used 14 
x 1D cells. After optimization, however, it was mapped onto an array consist­
ing of 8x 8 cells and executed twice faster .Similarly, the area and execution 
time foralgorithm Newton [3] were reduced by 62 % and 43 %, respectively. For 
Runge-Kutta [16] these improvements are 50 % and 45 %. 

Since electronic eomponents will never be totally reliable, a possibility of 
production or run-time failuresshou.ldalso be considered. For that reason, all 
the algorithms mentioned above should take into account the presence of faulty 
cells in the array. Finaly, ta speed up even these new optimization algorithms, 
the Qossibility of their parallelization should be analyzecl. 
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