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Abstract

Many combinatorial problems have simple solutions for parallel
processing on highly-connected networks such as the butterfly or
the hypercube, whereas the fastest processor-to-processor intercon-
nections are realized in parallel machines with low dimensional
mesh or torus topology. This paper presents a method for map-
ping binary hypercube- algorithms onto lower dimensional meshes
and analyzes this method in a model derived from the architecture
of modern mesh machines. We outline the criteria used to evalu-
ate graph embeddings for mapping supercomputer communication
networks.

Our work was motivated by the need for fast library routines to
do parallel sorting, fast Fouriertransformation and processor syn-
chronization. During the design effort of these building blocks, we
developed and analyzed a new technique to support a hypercube
network embedded onto a two dimensional torus. A direct imple-
mentation of the embedding is made possible by logical channels
and pathways. A fast merge sorter based on the bitonic network
serves as an example to show how a simple hypercube algorithm
can outperform most of the asymptotically optimal mesh algorithms
for practical machine sizes.

In the conventional mesh computation model, processors are
allowed to exchange one unit of data with a neighbor in each step.
This model needsto be refined since modern mesh computers, such
as the iWarp system, have hardware support for fast non-neighbor
communication.

The bitonic merge sort, a simple hypercube algorithm, contains
afair amount of fine grain parallelism not found in standard mesh
algorithms. This form of parallelism includes pipelined communi-
cation, computation overlapped with communication, use of wide
instruction words and operands directly read from the communica-
tion system through systolic gates.

The measured sorting rate of more than 2 + 10° keys/sec on an
iWarp torus with just 64 processors shows the excellent absolute
performance of our approach. The performance results compare
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well with much larger parallel computers. In our analysis of the
relative performance we compare our approach to different sorting
methods on meshes. The mapped hypercube algorithm is shown to
be best for awide range of machine and problem sizes.

For the readers mainly interested in complexity results, our ap-
proach may seem somewhat surprising, but the analysis of the algo-
rithm in an accurate model for the iWarp machine shows how good
speed and good parallel efficiency is obtained from both forms of
parallelism, large and fine grain.

1 Introduction

1.1 Hypercubesvs. meshesin paralle algorithms

Many simple and efficient parallel algorithms for combinatorial
problems are designed for machines with a hypercube interconnect
network. Fast and scalablehypercubenetworksremain hard to build
because of their unbounded connectivity and the large amount of
wiring required.

Parallel computers with mesh and torus topologies have been
very successful in offering high computational power together with
high speed processor interconnections. Past research on parallel
algorithms has resulted in a well established model for computing
on lower dimensional meshes and tori [TK77] [SS88] [Kun914].
A large number of algorithms designed and analyzed within that
model can be found in the literature. Unfortunately, most of these
algorithms lack the simplicity of their counterparts designed for
the hypercube models. Most mesh sorting algorithms divide the
surface of the mesh into patchesof smaller size. The analysisof the
asymptotical complexity typically accounts for work within sub-
problems in low order terms and concentrates on the work needed
to combine the solutions of the sub-problems. Although algorithms
with an optimal constant of 3 (in », the dimension of the mesh) are
known, their complexity includes large low order terms, that are
dominant for practical machine sizes.

The mesh computation model is quite hard to work with, and
probably for this reason several architects of massively parallel ma-
chinesrely on more powerful networks like hypercubes, butterflies
or fat trees for the implementation of mesh and hypercube based
algorithms. Examples are the MasPar machine and the earlier Con-
nection Machine models which provide a hypercube or a combina-
torial router in addition to the nearest neighbor grid communication
[Bla90] [KH8S].



1.2 Previouswork on sorting in hypercubes

Parallel sorting of m elementson binary hypercubesof p processors
has been widely studied. Batcher introduced the bitonic method to
sort m elements in O(log? p) time [Bat68]. The bitonic sorting
network is discussed in the algorithms collection of [Knu73] and
several textbooks.

In our implementation we made use of the bitonic sorting network
but did not use the bitonic method to do the local sort within a
processor, because bitonic sorting requires a total of log? m passes
which resultsin excessivelocal bitonic merges.

As pointed out in many earlier publications, the O(logp) stage
networks proposed by [AKS83], and even more recent improved
versions, do not provide feasible sorting solutions for practical ma-
chine sizes [Pat90].

Sortersin linear time are widely known, for sorting data locally
within one processor of aparallel machine. A radix sorter, based on
counting sort, is well described in many algorithms textbooks e.g.
[CLR9Q]. Angood local sorter based on comparisons is quicksort
[Hoa61] with O(m log m) average case complexity.

Parallel versions of radix sort by rank counting were used suc-
cessfully on the Connection Machine[BLM T 91] andthe Cray YMP
[Z2B91] to break sorting records. Probabilistic sorters based on sam-
pled distributions and permutation routing perform very well on
large machinesfor big problem sizes[RR89] [BLM* 91]. On mesh
computers, message routing of random permutations is of a com-
plexity similar to sorting [Kun91g. Reducing sorting to routing
is not solving the problem on the mesh unless significantly faster
router hardware is provided.

1.3 Previouswork on sorting in meshes

A large number of papers have been published on sorting using the
mesh model. We compare our sorting algorithm using the model
of emulated hypercubesto several sorting algorithms based on the
conventional mesh model.

Thompson and Kung show that the complexity of sorting on
ann x n meshis O(n) and give a6n + o(n) algorithm [TK77].
Unfortunately for practical machinesizes, o(n) hidessignificantlow
order terms. Further we have looked into the optimal 3n 4+ O(n %)
algorithm by Schnorr and Shamir [SS88]. Thealgorithmisprovably
optimal in the sense that it matches a very general lower bound of
the 1-1 sorting. This bound, proven in [SS88], appliesto a general
MIMD model. Because of their simplicity we also considered
the sub-optimal algorithms Shear Sort and RevSort described by
[SS88]. Thelatter are less complicated than the optimal algorithms
and have no low order terms.

2 Themode of emulated hypercube computation

In this paper we describe an approach that uses extra communica-
tion bandwidthto offset the mesh’s disadvantagein connectivity. By
properly overlapping computation and communication, extra band-
width is made available to the algorithm designer. Thisis not only
the case for computation bound matrix operations but also applies
to large combinatorial problems (i.e. sorting, routing, problemsin
graph theory). In particular, the high bandwidth and the architec-
tural support for logical channelscan be effectively used to emulate
the hypercube processing model on meshessuch astheiWarp torus.
Logical channels are a method to share the bandwidth of a high
speed physical link between multiple connections.

The mapped hypercube model suggested in this paper provides
the programmer with the view of the machine as a hypercube and
allows a direct implementation of hypercube algorithms whenever
they are simpler than mesh algorithms.

Many recent parallel computers are designed as MIMD dis-
tributed memory machines with roughly 50 to 10,000 high perfor-
mance processors. We refer to this range of processorsas machines
of practical size.

We have encountered the problems of sorting, routing and per-
muting as part of our real time applications. With signal processing
applications in mind we are not interested so much in the largest
feasible problem (i.e. sorting all core memory available) but in
solving midrange problems faster. The one million element sorting
task is our primary benchmark. A problem very similar to the one
million element sorting task is the Fast Fourier Transform of a1000
by 1000 pixel full color image into the frequency domain.

3 Embedding binary k-cubes into r-dimensional
tori

Mapping a network of logical processors and connections onto a
network of physical processors and connection can be viewed as a
graph embedding problem. Typical parameters considered for an
embedding are:

workload or load: the maximal number of logical processors
mapped to physical processors.

dilation: the maximum stretching applied that occursto a channel
during the mapping from logical onto the physical connec-
tions.

edge congestion:  the maximum number of logical connectionsthat
are mapped to one physical connection.

vertex congestion: the maximal number of logical connections
that are routed through a physical processor.

For our mapped hypercubemodel we areinterested in embedding
a binary k-cube onto an r-dimensional torus with »" processors.
We are only considering mappings with workload I = 1. The
architectural reason for this requirement is the large overhead cost
for processor virtualization, especially on modern RISC parallel
machines, with many registers and a lot of communication state.

The obvious lower bound for congestion of a binary cube to
aring mapping is ﬁ. The bound, derived from the bisection
bandwidth, is not very tight and suggestsfor example that a binary
4-cube could be embedded in a 16 cell ring with congestionc = 1.

The embedding of binary &-cubes onto an r-torus can be done
either in one step, directly reducing the dimension from & to r,
or in several steps, by mapping step-by-step groups of hypercube
dimensions onto one torus dimension.

Definition 3.1 Amapping of abinary k-cubeinto an r-dimensional
torusis separableif 3k1,..., &k, 1 > _ k; = k and there exists a set
of mappingsms ... m, suchthat | J, m; isamapping, and m; maps
ak;-cubeto a 2% ring.

3.1 A systematic separable embedding

Earlier work on mesh — hypercube embeddings deals mostly with
thereverse problem of embedding meshesinto hypercubes[ CTH89]
[LSBD88]. Such an embedding is much easier to find since the
mesh is less connected than the hypercube. Gray code mappings



were suggested for simple cases and even improved for irregular
sizesby [LSBD88] and others.

Wefound Gray codemappingsto beagood starting point to solve
our problem of mapping hypercubes onto meshes. A Gray codeis
a simple, systematic way to generate a sequence of numbers with
a Hamming distance of one. One of the Gray codes is the binary
reflected Gray code. It is recursively defined:

G1=0
Gn = Gn/ZO (Gn/zL‘!‘Jn)

where G designatesthe sequence G written in reverse and where
@ is an operator adding a constant value to every number. G lists
as:

0132675412131514101198

Definition 3.2 A Gray code ring mapping is obtained by mapping
the logical processor of the k-cube with cell number z to the node
y inthering with G,[y] = =.

Definition 3.3 A Gray codetorus mapping is a separable mapping
when all of the r primitive mappingsare Gray code ring mappings.
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Figure 1: The Gray code ring mapping of a binary 3-cube onto a
ring of length 8

The mapping we used for the 64-processor iWarp torus is com-
posed from two Gray code ring mappings, where each of them maps
a3-cubeonto a8-cell ring each. During the analysisand evaluation
of the Gray code mapping we can show which properties are im-
portant for a good mapping in our emulated hypercube model and
its implementation on iWarp.

A workload of oneis very important unlessthe processorsof the
parallel system can be used in multitasking mode very efficiently.
The dilation of the embedding is of secondary importance for our

model sincethe architecture provides non-neighbor communication
at a low latency per hop. For the Gray code mapping the dilation
is n/2 — 1, which is obvious from the recursive structure of the
Gray code. The most important factor for our mapped hypercube

model is the edge congestion ¢. As we show later in the analysis
of the sorter, the edge congestion is an important determinant of
the running time of our communication steps. In general we can
not avoid congestion, but with modern machines like iWarp we

can provide architectural support to handle a certain amount of
congestion without degradation of performance.

The algorithms considered in this paper use the hypercube di-
mensions one at atime. We therefore compute the congestion for
every hypercube dimension separately.

Theorem 3.1 Let b, (z) be the Gray code mapping of all logical
connections along the i-th hypercube dimension. Let c,,(:) be the
maximal edgecongestion of onedimension of the mapped hypercube
i.e. the edge congestion of b,,(z). The congestion ¢, (:) can be
computed as:

recursion closed form
24((21)):_11 (i) = 27t 2 <
n - Cnll) = 21—2 21 =n

cn(k) = 2% cppo(k—1)

Proof 3.1 Byinduction on the recursivestructure of the Gray code.
Whenever the two subsequencesof a Gray coded ring of length 2’
are combined into new Gray coded ring of length 27+, a number
of 2/=2 connections must be rerouted and 2’ new connections are
introduced, half of themrouted through the wrap around of thering.

A similar recursion can be established and solved for the total
congestion cy.

Edge congestion does not capture all of the resource constraints
of our architectural model. Logical connectionsconsumeresources
at every switching node (which distinguishes the logical channels
of iWarp from the general concept of virtual channels). Thevertex
congestion of an embedding captures these resource constraints.
For examplein aniWarp system the number of channelsdue to out-
going connections, the number of channelsdueto vertex congestion,
and the number of channels permanently allocated to service net-
works must be smaller than the total number of channels available
inthe VLSI component.

3.2 Non- separable mapping

The problem of an optimal way to embed a binary 6-cube onto
an 8 x 8 torus has been studied earlier. Besides the Gray coded
mapping describedin thispaper, non-separablemappingswith better
congestionwere given by [Sch92] and [She91]. Thefollowing table
lists the congestion and dilation for the Gray code mappings used
in our algorithm versusa slightly improved, non separable mapping
given by [Sch92].

Congestion Dilation
HDm |1 2 3 4 5 6|1 2 3 4 5 6
GCM |1 1 2 2 2 2|1 1 3 3 3 3
FGM |1 1 1 1 1 2|2 2 2 2 4 1

Table 1: Parameters of a separable and a non-separable mapping.
HDm: Hypercube Dimension, GCM: Separable Mapping, based on
binary reflected Gray codes(23 x 22 — 8x 8), FGM: Non-separable,
mapping based on two folded grids (2° — 64).

In Table 1 GCM, the Gray code mapping, is obtained by Gray
coded processor indices for two ring mappings. The hypercube
dimensions alternate in both mesh dimensions. The construction of
FGM, the folded grid mapping, starts out with a4 x 4 torus. This
torus is isomorphic to the 2* cube and results in interconnects with
congestion ¢ = 1 and dilation e = 1 for all four dimensions. Four



copies of these tori are interleaved to obtain an 8 x 8 mesh in the
following way: thetorusis copied and shifted diagonally by onein
thegrid. The connectionsbetween thesetwo tori can be routed with
a congestion of one and a dilation of up to four. Thisresultsin an
embedding for 32 nodes. The resulting grid graph is again copied,
transposed (mirrored on the grid diagonal) and translated to form
a properly interleaved 64 node graph. The connectionsto link the
nodesof the graphwith its transposed copy are very similar to agrid
transpose network. The connections of this network have a length
of up to 11 (dilation) and a congestion of up to two. The mesh with
the mapped processor indicesis shown in Figure 3.2.

Figure 2: The non-separable, mapping based on two folded grids
(2° — 64). The drawing includes the routing for logical links of
dimension 0.

We leave as an open question to what extent the congestion can
be reduced for small meshes and how to find such embeddings.

4 A communication architecture for mapped hy-
per cubes

The architecture of the iWarp system has been described in detail
in [BCC*88] and [BCCT90]. Since our method of emulation and
our model for the analysis are strongly motivated by architectural
features of theiWarp component, we present briefly the architectural
elements relevant to mapped hypercubesand to the sorter.

4.1 High speed processor interconnects

All processor interconnectsin the 2 dimensional torus of the iWarp
machine are realized as parallel buseswith eight data lines. Every
processor has four incoming and four outgoing ports, connected to
its mesh neighbors. We call the hardware of such an interconnect
aphysical link. The maximum aggregate speed of a physical link
is 40 MBytes/sec in each direction. A processor can therefore
communicate over all of its eight links together at rates up to 320
MBytes/sec.

4.2 Logical channelsand iWarp pathways

The concept most relevant to our emulated hypercube model is the
iWarp pathway [BCC* 88] [Gro89]. Pathways allow permanent
logical connections between cells that are not physical neighbors
in the mesh. Logical channels are used to share physical links and
to build pathways. Every logical channel has its own buffer, and
therefore a pathway includes its own buffers at every intermediate
node. The bandwidth of a shared physical link is alocated by a
round robin scheduler among the logical channels. Routing, flow
control and exceptions are also handled separately for each logical
channel.

The hardware unit that performs this switching and scheduling
is called the communication agent. The agent handles the links to
the four neighbors and further interfaces to the computation agent.
A third unit, the memory agent provides direct accessto and from
the communication channels. The communication agent is imple-
mented with afixed number of buffer resources. The currentimple-
mentation of iWarp allows 20 logical connectionsat onetime. This
adds an interesting constraint to the networksthat can be embedded
and set up statically with long lived connection. However, networks
are also dynamically reconfigurable with a reasonable overhead.

4.3 Asynchronous communications

(iwarp spools)

memory

Many algorithms useblock transfers to move datafrom pathwaysto
memory or viceversa. To overlap communication and computation
thismust bedonewithout affecting the computationin the processor.
IniWarp, the interface between communication and memory isdone
by eight independent agents, called spools [BCC*90]. Similar
to a DMA controller, an iWarp spool copies data from memory
to a pathway or from a pathway to memory. The data transfers
happen in the background asynchronously with little influenceon a
computation going on at the same time.

4.4 Processing power and memory bandwidth

The iWarp instruction set includes a long instruction word opera-
tion that can execute a branch, a load, a store, an integer or two
address computationsand two 64 bit |EEE floating point operations
in as little as 4 cycles at 50 ng/cycle. At peak rate one proces-
sor can execute 10 million of these instructions per second. The
maximal bandwidth of load- and store- operations to memory is
approximately 80 MBytes/sec.

45 Processing data directly from communication
channels (systolic gates)

A simplethroughput (piping) analysisof instruction rates, operands
and memory bandwidth showsthat the full processing power of the
iWarp communication can not be used unless streams of incoming
data are processed by the computation agent without going first
to memory. Therefore, some operands of the computation can be
brought in from the communication unit through systolic gates.
Gates are used in the instructions like a register [BCC* 90].

5 A fast parallel sorter for iwWarp

In this chapter we define the problem of parallel sorting more pre-
cisely and give a detailed description of the algorithm that resulted



in the fastest sorter for iWarp systems. We address the following
sorting problem:

Parallel machine: p processors, organizedin an n x » mesh with
wrap- around links.

Input to be sorted: m keysin 64 - bit IEEE floating point number
representation. The keys are evenly partitioned among the p
processors, i.e. m/p keys per processor.

Output: m keys, sorted in ascending order. More precisely the
m keys are evenly partitioned among p processors and each
processor holds a sorted sub-sequence of length m/p. The
p sorted sequences are positioned in the processors in sorted
order, i.e. the do not overlap and their ranges are ordered
according to the Gray coded processor indices.

Workspace: A workspace of the size of the input data plus aspace
of constant size for counters are granted.

The sorting algorithm we used to evaluate our emulated hyper-
cube model for meshesis based on the following two steps:

e The keys are sorted by aradix sort locally within all proces-
sors, resulting in p monotonic sequences. Algorithm 5.1.

¢ Theglobal sorting isdonewith sequencemerges on the bitonic
sorting graph. This requires O(log® p) stages of merges. Al-
gorithm 5.2.

Theideaof sorting multiple elements per processor by alocal sort
followed by a series of sequence merges was discussed in [BS78]
within the context of parallel machines.

5.1 Thelocal sort

The local (intra-processor) sort is a radix sort exactly as described
ine.g. [CLRIQ]. In apre- and a post- processor phase the sign bits
are translated between the | EEE floating point representation and a
plain 64 bit integer representation.

In our description of thealgorithms, we usethefollowing variable
namesfor the arraysto hold the data, the workspaceand the counters
of the radix - counting sort.

data: Theinput/output array of m 64-bit keys.
tmp: An array of m storage locations for intermediate results.

cnt: Anarray of fixed size for the counters of theradix sort. In the
current implementation there are 2% counters, which allow a
radix sort of 64 bit keysin 6 passes.

Algorithm 5.1 Local Radix Sort

mask(data, bit_field) returns a set of key bits determined by the mask bit_field.

for all processorsq do:
bit_fields = {0..10,11..21,22..31, 32..42, 43..53,54..63}
for k=0to5do
ceni[]=0
for i = 1tom/p do
count[mask(datalq][s], bit_field[k])] ++;
for i = 2tomax_cnt do
cnt[i] = eni[i] + cni[i — 1]
fori = m/ptoldo
q = mask(data[q][7], bitfield[£])
cnt[q] = entlq] — 1
tmplentlq]] = datalg][]
datalq][] = tmp] ]

5.2 Thesequence merge

The global (inter-processor) sort is performed with a series of se-
guence merge steps. A sequence merge is an extension of the
compare and swap concept to monotonic sequencesof elements. A
merge can be used in place of acompare and swap step in any sort-
ing network. For the merge step, apair of processors(we call them
neighbors) must work together to merge the monotonic sequences
stored in those processors. After a merge, one processor holds the
lower half of the merged sequenceand the other processor holdsthe
upper half.

The spooling agent and the computation agent are both involved
in the merge. They are processing two streams of data asyn-
chronously. The spooling agent sends part of the sequence over
a pathway to its neighbor while the computation agent receives
some elements from its neighbor, comparesthem to the elements of
the local sequence and stores the results as a merged sequence to
memory. Figure 3 explainsthis processin more detail.

memory computation computation memory
agent agent agent agent
(spool) (fpu) (fpu) (spool)

communication
agents

memory CPU pathway CPU memory

Figure 3: Fine grain parallelism is used to overlap communication
and computation in the sequence merge step.

The algorithm for the inter-processor sorting step can be stated
asfollows:

Algorithm 5.2 SequenceMerge

send(reighbor[i], data) sendsdata to neighbor i.
recv(neighbor[i]) returnsthe data received fromneighbor i.
doinparallel {} || {} In parallel within each processor.

(Fine grain parallelism)

Select proper choiceaccording

to corresponding stagesin bitonic graph.

select (... <..)

for all processorsq do:
for £k = 1tologp do
for{ =1tok do
doin parallel {
for ¢ = 1to m/p do (memory agent)
send (neighbor[l], data[q][1]) }
II{

j=1; rev=recv(neighbor[l]) (computation agent)
for select 1 = 1tom/p Ci = m/pto 1)
if select (rev < datalg][z] & rev > datalg][r])
then tmpli] = datalq][s]; 7 =7+ 1;
elsetmpli] = rcv; rcv = recv(neighbor(l])
discard rest of data[q] }
tmp[] = datalg][]

The bitonic network is structured in ’“ZTJF’“ stages and some of
the stages are grouped together. Figure 4 shows a bitonic network



for 8 processors. The <-selectors are computed by a series of xor
operations on selected bits of the processor number, the stage and
the group number. Thedirection of the merge stepis determined by
this predicate. The selector for the direction of the index in store
loop is determined by the merge direction of the next merge step.
This assures that the keys are in the right order for transmission
through spooling in the next stage.

L]

i
1]
i

Figure 4: The bitonic merge graph according to [Bat68] and
[Knuth73].

The systolic implementation of the sequence merge step in Al-
gorithm 5.2 is crucia to the success of our algorithm design for
iWarp parallel systems. The algorithm for the sequence merge was
carefully chosen and has maximal fine grain parallelism.

Our implementation does merges with in 0.5 s per element,
which is only three times slower than a simple compare operation
of two floating point numbersbetweenregisters. Theexecutiontime
includes the load from memory, and the store to memory as well as
the sends and receives over the network and the branches for con-
ditionals and loop processing. The mergeis pipelined and properly
scheduled for the long instruction word operationsin iWarp.

Interestingly, merging two seguences with a pair of processors
is more than two times faster than merging two sequenceson an
iWarp uni-processor. Designed for systolic algorithms, the proces-
sors provide direct accessto the communication channels through
systolic gatesin theregister file. In the parallel version of the merge
the operands of the comparisons can be received and processed at
the same time. This saves one third of the memory accesses and
removes a bottleneck in the single processor implementation.

Giventhearchitectural model of private memory mesh computers
with high speed processor interconnects, we found that the bitonic
sorting network executed on an emulated hypercube is the best
method possiblefor parallel sorting on these kind of mesh machines
for all practical machine sizes. We will support this statement by
acomparative analysis of hypercube- and mesh- sorting algorithms
in the next chapter.

6 Analysisof the mapped bitonic sorter

We present the analysis of our algorithm for the case of an r-
dimensional torus, assuming that all r-dimensions have the same
size and are powers of two. Since we use separable mappings, we
can generalizethe analysisto different array sizes by using different
mappings for torus dimensions of different size.

the number of processorsin the hypercube or the mesh.
the dimension of the mesh - (r = 2 for iWarp tori.)
= /p the number of processorsin each dimension.
the problem size (total number of elements to sort).
/p  the number of elements per processor.
the number of passesof the radix sort.
the length of the key in bits.
1) the congestion factor along dimension : of the hypercube
the sorting rate for problem size m (in elements/sec)

LR *+33s8as

2

Lemma 6.1 Thetime complexity of radix — counting sort is O(t =*
m/p) + O(2*/*). The space complexity of radix/counting sort is
2% % u bits for the elementsand 2“/* x log % bitsfor the counters.

For the global sorting phasethe time of a single sequencemerge
step is the basic unit of interest:

Lemma 6.2 Thetime complexity of a single sequence merge step
ism/p comparisons, m /p stores and m /p loads. The space com-
plexity of amergeis2 x m/p elements.

Corollary 6.1 In the asymptotic case the running time of the radix
sort (local sort) and a single merge stage (part of the global sort)
scalelinearly with the problemsize, i.e. are O(m/p).

The primitives for local sorting and global merging both scale
very well over alargerange of problemsizes. |n our implementation
we achieve 50% of the maximum performance for problem sizesas
small asm /p =~ 512 elements per cell in theradix sorter. Inthetwo
cell sequencemerge step 50% of performance can be reached with
aslittleasm /p ~ 64 elementsper cell. Thelow startup overheadis
dueto a statically embedded network with long lived connections.
Dynamic connections with message passing would result in larger
overheadsto establish and concludethe short term connectionsafter
each message.

For the analysisof the global sort the number or merge stagesfor
bitonic sort must be determined. In [Bat68] and [Knu73] the depth
of the network is derived for the number of processorsp.

Lemma 6.3 For p processorsthe bitonic sorting network contains
3 (log®p + logp) stages.

The bitonic sorting network does all communication along hy-
percube connections. The network can therefore be embedded onto
a physical hypercube network with load 1 and congestion 1. Fur-
thermore every stage of the bitonic sorting network uses the links
of exactly one hypercubedimension. The number of parallel merge
steps required for a bitonic sort on a hypercube- connected paral-
lel computers with p processor equals the number of stagesin the
bitonic sorting network with p inputs.

The performance of the mapped algorithm is affected by the char-
acteristics of the mapping, when executing the stages of a bitonic
network on a physical mesh. The computation costs do not differ
from the logical hypercube, since all mappings considered have
load! = 1. Themerge step handlesm /p elementsand is pipelined.
The effect of the dilation e on the communication latency can be
neglected aslong e < %

The principle parameter affecting the efficiency of the algorithm
is the congestion of the embedding. Since the bitonic sorting net-
work operateson one hypercubedimension at atime, the congestion
is bounded by the maximal congestion of the links emulating that
specific dimension rather than the overall congestion of the total
mapping.

In the mapped hypercube model a permanent connection, i.e.
a pathway is set up in advance for every hypercube connection.
The bandwidth is shared evenly among multiple pathways if they
are routed over a single physical link. Congestion never blocks
the algorithm but slows down the communication of certain merge
phases. Thetotal running time of the global sort is determined by
the sum of the merge stages of the algorithm, weighted by their
specific congestion factors.

To carry out the congestion analysis we need to determine the
ratio » between communication and computation and incorporate it



into the calculation. Thisratio limits the amount of congestion that
can be handled without slow-down.

Based on the architectural specification of iWarp we predict the
following running times for the computation and communication
operations; Computation takes 14 clocks per element, while the
communication only takes 4 clocks per element. Theratio isthere-
fore % Without congestion a sequence merge step are clearly com-
putation bounded. In the calculations we assume the next entire
fraction that is an upper bound, for 2 thisisarate of 1. Theratio of
1 iscloseto the actual measurement since the hardware schedulers
tend to allocate even fractions of bandwidth.

When multiple merge steps share a physical link, the slow down
depends on the number of mergesin excess of % running over that
link. The slow down observed by the algorithms on aspecificlink is
is not the embedding congestion but rather the congestion adjusted
by afactor ». Theminimal adjusted congestionisonesinceasingle
connection can not gain a speed-up from extra bandwidth.

Definition 6.1 The effective number of steps in the mapped al-
gorithm is the sum of the steps weighted by their corresponding
adjusted congestion. (In our case, a merge stage over links with
congestion 2 counts as 2 effective merge stages).

The time complexity of our algorithm is linear in the number
effective number of merge stepsand the number of elementsto sort.
The effective number of mergesis a good measure to evaluate the
mapped hypercube algorithm and compare it to direct mesh-sorting
algorithms.

To compute the number of effective merges for our Gray code
mapped bitonic sort algorithm, we derive the adjusted congestion
from the congestion of the embedding givenin Theorem 3.1 and the
communication — computation ratio:

¢ =max{1, c(s)v}

For the different stages of the bitonic network the adjusted con-
gestion is determined by the hypercube dimension : associated to
that stage. The number of mesh dimensionsis r and the size of the
binary hypercubeis £ = logp. For simplicity we assumethe same
width of the mesh » = /p in al mesh dimensions and that the
hypercube dimensions can be partitioned evenly into mesh dimen-
sionsr | k. Note that for atorus the wrap-around links reduce the
congestion for the highest dimensions.

207l < n

o omax(1,2[7 17k w)
cplt) = ol _

max(1, 27172« v)

To compute the number of effective merge stages gmerge we
carry out the weighted sum over all the stages of the bitonic sorting
network:

k

gmerge = Z(k —i+1) % ?;(z)

=1

For the symbolic summation the sum is rewritten as:

YT @it k) +
k—r F%] .
2 icr (1-log )+ - (l-i+k) v+

2
k
v

Zf:k—r+l ZT A-i4+k)wv

qmerge =

The running time of the global sort, {merge is the number of
effective merge stagestimes the time complexity of a single merge
step (Corollary 6.1).

m
tmerge = ¢merge X W

Theorem 6.1 Let r be the number of mesh dimensions and v the
communication—computationratio. Therunning time of the global
sort in the mapped bitonic sorter is given by

(B 45+ (0-20) 254
(r (A—logv)r—4)k
2
—1+logv — logzv) 7

(%— logzv) r—8logv + —6

tmerge = )

Proof 6.1 Symbolic summation of the adjusted congestion over the
stages of a bitonic sorting network and Corollary 6.1 on the time
complexity of a merge step.

The time complexity is linear in the number of hypercube di-
mensions k& and quadratic in the number of mesh dimensions. The
quadratic term is small for any mesh dimensions of our interest i.e.
r=123.

Corollary 6.2 The mapped bitonic sorter scales linearly in the
number of elements per processor and with ¢/p in the number
of processors.

Corollary 6.3 For two dimensional tori r = 2, p = n x n, k =

2 x logn and 2% = n and the time complexity for the mapped
bitonic sorter is:

=
_( Fvn+(—4logv —4) logn m
fmerge = ( —5logv — 2 log?v — 7 -

Finally with communication - computationratio of iWarp derived
earlier the complexities can be determined:

Corollary 6.4 ForiWarpv = 0.5andthe complexity of the mapped
bitonic sorter is:

tmerge = (3.125n — 4) m
P

For other values of v, the time complexities are (v = 1/4 :
1563n + 4logn —5andv = 1: 6.200n —4logn — 7. A
valueof v = 1 correspondsto perfectly balanced architectures with
a communication — computation ratio of 1.

The asymptotic result of the analysis is slightly worse than the
3n + o(n) lower bound for 1-1 sorting given in [SS88], but in our
mapped algorithm we havesmall low order terms. Thisisthereason
why this method resulted in the fastest sorter on our 64 cell iWarp
machines.

Current iWarp systems, which run at 20 + 10° cycles per second,
require 14 cyclesto processasingle 64 bit key in amerge stepand a
total of 230 cyclesto processa64 bit key during thelocal radix sort.
Together with the the time complexities we are able to estimate
the execution times of the whole sorter. The estimate match the
measured execution times listed in Chapter 8 very well.



Comparisons (merge steps) vs. processors for ratio 1/2
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Figure5: Number of effective merge stepsvs. number of processors
for RevSort, optimal sort and mapped bitonic sort. Assumed is

communication — computation ratio » = 3.

7 Comparison of the mapped hypercube sorter
with mesh sorters

In this chapter we use results of our analysisin Chapter 6 to com-
pare the mapped bitonic sorter to known mesh sorting algorithms,
including the asymptotically optimal sorter in the 1-1 mesh sorting
model.

In mesh algorithms the actual number of merge steps always
equalsthe number of effective merge steps since communication is
only with the nearest mesh neighbor and thereis no congestion. The
measure of merge steps replaces the swap and compare in the 1-1
sorting model when more than one element is sorted per processor.

7.1 Theasymptotically optimal 1-1 sorter

The asymptotically optimal 1-1 sorter relies on a partitioning of the
processorsinto rows, columns and sub-blocks of size n34. 1t sorts
these sub-blocks and puts the results together in 3n compare-and-
swap steps.

As pointed out in [SS88] the complexity of the sorter is 3n +

O(n®/*), with a factor of at least 9 in front of the low order term
3/4
n .

7.2 RevSort, arow- column- sorter

In [SS88] RevSort is described as a simple, almost optimal sorter
with no low order terms. It can sort in g +x nloglogn steps. The
algorithm is simple and therefore a good candidate for the fastest
sorter on practical machine sizes, sinceloglogn < 5in practice.

As seen in Figure 5, RevSort it is better than the optimal mesh
sorter for small cases but can not outperform the mapped bitonic
sorter. For large » the optimal 1-1 sorter is best.

The key to the high efficiency of the sorter lies in the good
behavior of smaller casesandin thefact that all "practical" machines

Comparisons (merge steps) vs. processors for ratio 1/1
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Figure6: Number of effective merge stepsvs. number of processors
for RevSort, optimal sort and mapped bitonic sort. Assumed is
perfectly balanced communication — computation ratio v = 1.

sizes are well within that range optimality. At this time iWarp is
commercially available up to sizes of 1024 cells. Larger iWarp tori
are hypothetical.

7.3 Usingthewrap around linksin a mesh sorter

A very interesting aspect of mesh sorting is that the row and column
sorting steps can not make use of the torus unlessthey use extra el-
ements of buffer-space. A result with six extra buffersis mentioned
in [Kun914] and attributed to [M S89].

7.4 Theh-h mesh sorting models

Some recent literature points out the importance of the & — h sort-
ing models [Kun91b], [Kun914 and gives a 2.5n algorithm for a
slightly modified 1-1 sorting model. We found most of the methods
impractical because of their large low order terms, but much more
work is needed to cometo a conclusion about all methods for mesh
sorting proposed in the literature.

7.5 Comparison between mesh and mapped hyper -
cube sorters

The Figures 5 and 6 show that the complexities for the mapped
algorithm are better than for the two direct mesh sorters sorters for
all practical machine sizes.

To break even with our mapped sorter in the weighted number
of merge steps, the optimal algorithm needsto run on atwo dimen-
sional torus of size n > 65536, with p > 4 * 10° processors; see
Figure 5.

Even under the assumption of an 1/1 ratio between communica-
tion and computation, a machine that is 3 — 4 times less efficient
in communication than iWarp, the mapped bitonic merge algorithm



can outperform the optimal mesh sort, unless more than n > 128
or p > 16+ 10° processors are used.

8 Comparison to other parallel sorter programs

To evaluatethe speed of the mapped bitonic merge sorter, wegivean
overview of some published executiontimesfor sorting onemillion
64-bit keys on different machines:

e A 1024 Sprint node Connection Machine (CM-2) sorts one
million elements in 660 ms at a rate of 1.5 + 10° keys/sec.
using sample sort [BLM*91]. The Connection Machine is
based on physical hypercube interconnections between the
Sprint nodes. *

e A 64 processor iWarp sorts one million elements in 442 ms
and at arate of 2.3 x 10° keys/sec. using the mapped bitonic
mer ge sorter discussed in this paper. The machine is based
on atwo dimensional torus.

e A 4096 processor MasPar MP-1 sortssort onemillion elements
in 1446 msat arate of 0.72 10°keys/ sec. using bitonic sort
on xnet 2. This machine is based on two dimensional grid, a
diagonal grid (xnet) and a general purpose router [Pri91].

o A single processor Cray YMP ® sorts one million element in
330 msat arate of 3.0 x 10° keys/sec using a parallel version
of radixsort. An 8 processor Cray Y MP can achievea5-6 fold
speedup resulting in arate of 15 — 16+ 10° keys/sec. [ZB91].

The measured execution times and the sorting rates for different
size sorting tasks are shown in Figures 7 and 8. The measurements
on the CM-2 show the performance for parallel sorting on a real
hypercube, while the running times on iWarp show the performance
of sorting on alogical hypercube mapped to a physical torus.

Theimplementation of sampling allowsfast sortersonlarge prob-
lems on the CM-2 since the overhead of the router can be compen-
sated. In the Figures 8 and 7 it can be noted that iWarp delivers
high sorting performance also for small problem sizes. Thisis due
a good match of the algorithm and the balanced architecture with
high speed low latency communication.

9 Conclusion

We have established amethod and a model to map hypercube com-
putations efficiently to lower dimensional tori. The method is based
on past-neighbor communication over fast processor interconnec-
tionswith logical channels. We expect these featuresto be included
in many mesh machines of the future. The mapped hypercube
model providesthe programmer with the view of the machineas a
hypercubeand lets him work with the simpler hypercubealgorithms.

Thehypercubenetwork isembeddedonto thetorususingasimple
separable Gray code mapping. The Gray code mapping is general
and results acceptable congestion, also slightly better mappings
were found for special cases. An detailed analysis of the time
complexity and an implementation was done for a mapped bitonic
merge sorter in our mapped hypercube model. This allowed usto

1The authors estimate their numbers on the more recent CM-200 to be
369 ms execution time for one million elements and 2.892 » 10° keys/sec
sorting rate.

2The published times are for 32 bit key and we leave it to the reader to
scale them to 64 bit keys.

3The Cray YMP is a shared memory vector machine with a fast clock
rate of 6 ns.
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Figure 7: Execution times for sorting different problem sizes, with
different algorithms on the CM-2 and the mapped hypercube sorter
on a 64 processor iWarp
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Figure 8: Sorting rates (performance) for sorting different prob-
lem sizes, with different algorithms on the CM-2 and the mapped
hypercube sorter on a 64 processor iWarp

compare the approach to several widely known sorting algorithms
for conventional 1-1 meshmodel. For all practical machinesizesthe
asymptotically optimal mesh algorithm as well as a simple, nearly
optimal algorithm are inferior to the mapped bitonic merge sorter
because of their low order terms or high constant factors.

Theviability of our approach was shown with animplementation
of the mapped hypercube model on the iWarp mesh machines. As
afirst application program we implemented a bitonic merge sorter.
The mapped bitonic sorter became a highly efficient and scalable
program that can sort one million 64-bit keys in less than half a
second at rates of 2.3 million sorted elements per second.
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