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Fig. 20 Measured time versus processor on the IBM BG/L system . Compared are the STATIC and ALT100 algorithms.
The details and better work distribution of the ALT100 algorithm is apparent

The static results are highly variable across processors ranging from a few tens of seconds to nearly 10,000 secs. This load
imbalance severely degrades parallelism resulting in the total time to solution being no less than the greatest single processor
time (9,447 secs). The alt100 approach is much more amenable to balance. The overall time per processor increases relative to
the static calculation, however, mostly due to interprocessor communication and an increase in the algorithm complexity. To
quantify this, the summation of all processor times (from Fig 20) for the static method yields 94,468.9 processor-secs. The alt100
algorithm equivalent becomes 259,016 processor-secs, nearly 3 times greater. Nevertheless, the alt100 algorithm is much faster
overall owing to the favorable load balancing. In particular 865 secs versus 9,447 secs, nearly a factor of 10. In the next section,
we compare performance and relative SU(%) for these two approaches.

A benefit of the static algorithm is the overall speed if conditions are found where load balancing is possible. We compared
the number of tasks per processor (proportional to time) of the static approach for several differently sized parallel runs. The
results are collected in Fig 21. In this plot are overlaid results for calculations performed on 16, 32, 64, 128, and 256-way
partitions. The number of tasks per processor varies widely across processors and for all runs even for the 16-way calculation.
Clearly the static task distribution scheme simply cannot overcome the power-law distribution of the domains. For each color-
coded run, the task distribution contains hugely dominated by a single (or two) processor. In each case, the total time to solution
is dictated by this dominant processor. Thus this domain-based decomposition is just not useful under any foreseeable
circumstances.
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Fig. 21 Measured time versus processor on the IBM BG/L system . Compared are the STATIC and ALT100 algorithms.
The details and better work distribution of the ALT100 algorithm is apparent

3.2.2.2 WebMatrix performance and parallel efficiency (SU(%0))

Three quantities are generated by the WebMatrix analysis: detailed graphs, summary graphs, and the motifprotein bipartite
graph. To demonstrate the impact of the static and alt100 task decomposition schemes on a real problem, the time to construct
the detailed graphs and total runtime are plotted as a function of the number of applied cores in Fig 22. Generally, we find that
the static results are poorly scaling (poor load balanced as expected) but worse so on the larger core-counts possible on the BG/L.
The alt100 algorithm scales much better overall.

In Fig 23, are reported the tts for the total walltime and the detailed graph construction time as a function of the number of
applied processors. Both detailed curves are highly scaling decreasing from 912 sec to 83 sec (Linux) and 2,017 sec to 546 sec on
the BG/L. The walltime tracks closely the time for the detailed graphs. Noteworthy is the deviation from idea for the Linux
results. This degradation from ideal is caused by the summary computation which is scaling poorly on the Linux cluster. Based
on the BG/L results, the summary computation can scale quite well for large numbers of processors. Thus it is surmised that the
poor scaling on the Linux cluster was caused indirectly by heavy disk I/O by other users on the system. A comparison of the
summary, detailed, and motifprotein tts is assembled in Fig 24. The summary computation is quite modest and scales well on the
BG/L system. Clearly, the summary computation on the Linux cluster is scaling poorly and in contrast to all the others. The
overall scaling is sufficient to reasonably apply hundreds of processors to the problem resulting is a solution hundreds of times
faster than on a single core.



To illustrate the parallel efficiency of the WebMatrix analysis, the relative percentage speedup for the walltime and detailed
web times are plotted in Fig 25. The efficiency overall is not as good as for the ScoreMatrix results, however, the runtimes are
significantly faster than the ScoreMatrix times and the algorithm,m is much more complicated and fluctuations in networking and
disk I/O availability. All SU(%) terms are computed from Eqn 11.
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Fig. 22 Time to solution (sec) for performing the detailed web construction. The STATIC and ALT100 algorithms are
compared. Calculations were performed on a Dell Linux cluster and the IBM BG/L

The SU(%) terms for the detailed method begins at near 100% but rapidly falls to near 70% (Linux) or at greater processor
counts to near 45% (BG/L). These parallel efficiency values reflect the substantial amount of MPI and MPIIO related activities in
the algorithm. The walltime SU(%) for the BG/L tracks closely to the detailed values indicating good overall scaling. The
walltime SU(%) for the Linux values is much below the detailed values. This is caused by the summary portion of the analysis
scaling so poorly for these examples.
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Fig. 23 Comparison of the total walltime (sec) versus and the time to construct the detailed web (sec) versus the
number of applied processor cores. The ALT100 algorithm was used. Calculations were performed on a Dell Linux
cluster and the IBM BG/L

3.2.2.3 Chunk optimization

Lastly, the construction of the detailed graphs is dependent on a chunking parameter. This chunking parameter adjusts the task
selection process. Using the NXTVAL concept, each processor would acquire a single task (single a; Eqn 14) to process. Adding
the chunking terms agglomerates tasks into larger working chunks. For the reported performance measurements that parameter
had been set to 100 tasks at a time (alt100). In Fig 26 are data supporting this selection. A reasonable selection of the value for
that parameter is important as it influences the ability to dynamically load balance the work tasks from Eqn 11 versus the
additional algorithm overhead relative to the static algorithm. A small value results in more and smaller tasks that can be
dynamically load-balanced (better backfilling). The smaller values, however, result in a greater number of function calls and
more MPI communications. The calculations used a core-count of 128. The tts solution at value=1 is larger than the runtime of
the static algorithm indicating the much greater overhead for this algorithm. However, as the value is increased the total tts
decreases significantly reaching an asymptote of approximately 123 secs. The smallest value that achieves the greatest benefit
occurs at approximately 100. Thus this value has been chosen for all the reported calculations.

3.3 Performance Conclusions
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The processes and parallel computing to speed up analysis. Both aspects have been presented and show good scaling.
Ensemble (workflow) runtimes decrease from approximately 90 hr (single core estimate) to 3.4 hr at 48-way concurrent which is
a CE(%) of approximately 60%. This is a good result given the measured times include inherently non-scalable (and optional)
steps such as the occasionally lengthy (10-15 mins) iRODS replication operation.performance of MotifNetwork is substantially
driven by both ensemble computing where domains are scanned by concurrent

A suitable mathematical framework and algorithm have been adopted for performing the ScoreMatrix and WebMatrix
calculations. For a typical large genome (H.sapiens) consisting of 37,374 input sequences from the metazoan set of 55 processed
genomes that get split into 1,259 chunks, resulting in 25,578 proteins connected to 6,859 domains (excluding nolPR results). The
use of parallel processing constructs results in significant decreases in overall time to solution. Table 12 reports observed times
versus estimated single core times for the H.sapiens total analysis.

Table 12 Comparison of runtimes of the ScoreMatrix and WebMatrix services for the h.sapiens genome.

Cores (Linux) ScoreMatrix(sec) WebMatrix(sec) Total(hrs)
256 5,436 173 1.5
1 1,396,592 15,032 392

4 MotifNetwork conclusions

The usefulness of MotifNetwork in supporting scientific research is based, in part, on the speed of obtaining results. In this
section are reported performance measurements for computationally significant parts of the analysis computations. Some early
MotifNetwork performance measurements have also been reported [50]. Some of the analysis procedures depend significantly on
the distribution of domains within the data set. The existence of a power-law distribution of domains results in challenges to
performing these computations in parallel.

These fast runtimes are a result of the integration of many levels of grid- and distributed-computing, web services, and parallel
processing to achieve a throughput of 1,000s of sequences per hour per TFlops of computing. The system is scalable to both
larger genomes and multiple researchers competing for access. The ultimate goal of processing a genome per day has been
accomplished. The system is now being incorporating into a larger comparative analysis framework.
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Appendix 1

55 Metazoan genomes were processed to generate to the data in Fig 14. The specific names and data used are collected in the
following table. The order in the table corresponds the order in Fig 14.

Number
of input Number of

Organism sequences  hits

Saccharomyces_cerevisiae 5880 42684
Acyrthosiphon_pisum 10466 113258
Apis_mellifera 11062 126673
Sorex_araneus 13192 191756
Tarsius_syrichta 13561 207975
Anopheles_gambiae 13621 122173
Ciona_intestinalis 13842 151666
Drosophila_virilis 14491 106435
Drosophila_mojavensis 14595 104707
Spermophilus_tridecemlineatus 14830 229102
Drosophila_grimshawi 14986 110808
Drosophila_erecta 15048 107928
Felis_catus 15048 237266
Drosophila_ananassae 15070 108027
Drosophila_simulans 15415 95020
Oryctolagus_cuniculus 15438 226921
Otolemur_garnettii 15448 238684
Tupaia_belangeri 15462 232168
Drosophila_willistoni 15513 108610
Dasypus_novemcinctus 15539 226297
Dipodomys_ordii 15750 243915
Ochotona_princeps 15993 242427
Procavia_capensis 16003 255862
Drosophila_pseudoobscura 16071 120611
Drosophila_yakuba 16082 109710
Myotis_lucifugus 16232 248124
Microcebus_murinus 16319 254075
Tribolium_castaneum 16422 143626
Drosophila_sechellia 16471 109546
Tursiops_truncatus 16493 255735
Gorilla_gorilla 16782 272869
Aedes_aegypti 16789 159495
Drosophila_persimilis 16878 106767
Pteropus_vampyrus 16931 257706
Nasonia_vitripennis 17531 209930

Equus_caballus 18373 272801



Gallus_gallus
Caenorhabditis_japonica
Caiva_porcellus
Monodelphis_domestica
Drosophila_melanogaster
Bos_taurus
Tetraodon_nigroviridis
Oryzias_latipes
Caenorhabditis_brenneri
Danio_rerio
Caenorhabditis_elegans
Caenorhabditis_remanei
Canis_familiaris
Mus_musculus
Rattus_norvegicus
Homo_sapiens
Macaca_mulatta
Takifugu rubripes

Pan_troglodytes

18529
19505
19774
20185
21317
22517
23118
24661
26048
26709
27258
31587
33651
34966
36496
37742
38001
47841
51947

212273
127890
253696
267592
234385
286381
325562
305663
157244
381558
213290
198038
503118
401509
460723
435647
444936
803051
636137



