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Figure 5: Timing figures from the templeton cluster show
the effect of concurrency on per-process I/O speed. Mr-pivot-
images shows diminishing returns as more instances are allo-
cated: the data is read from the same set of disks regardless
of allocation, and job speed is limited by the disk cache ser-
vice’s ability to handle many concurrent readers. In contrast,
mr-align-call’s performance is nearly linear with larger node
allocations.

ture is suitable for image alignment and analysis. This is
a relatively inefficient operation because each of F job
steps reads pieces from each of C streams. It performs
3.3 terabytes of I/O on our 300 gigabyte input data set.
We will certainly want to optimize this if we intend to use
it frequently; meanwhile it provides a convenient way to
measure a cluster’s performance under heavy I/O load.

“mr-aligncall” reads each stack of images produced by
“mr-pivot-images”, analyzes and compares the images
according to tunable parameters, and outputs short seg-
ments of DNA sequence as strings of A, C, G, and T
characters.

“mr-zhash” uncompresses its input (if compressed),
computes hashes for individual files, and outputs text
files similar to the output of the Linux “mdSsum” com-
mand line tool. It is useful for determining whether two
compressed data sets are equal when decompressed.

“mr-copy” writes a copy of a data set read from a re-
mote cluster (to make subsequent computation faster) or
from the local cluster (to verify that all data is readable
and passes checksum verification).

As the “mr-pivot-images” example suggests, we have
found that the speed of an I/O-limited function is highly
dependent on how closely the mr-function’s operation
corresponds to the way the data is arranged in the in-
put manifest. Ideally, each step in a batch job reads all
of its input data from a single stream, in the exact order
in which it is processed. In the case of “mr-aligncall”,
this is easy to achieve because 2000 stacks of 75 2 MB
images are processed by 2000 independent job steps. In
contrast, for subsequent stages of our DNA sequencing
applications, we spend much of our effort finding effi-
cient ways to perform operations that are conceptually
similar to “mr-pivot-images”. In this sense, the manifest
format is an expression of the performance characteris-
tics of the storage service: if we design our workflows to
cater to the structure of manifests, then we get the best
performance from our system.

4.3 Storage tools

We use two command line tools to move data back and
forth between the storage service (or cache) and a Free-
gol’s local filesystem. “whput” copies a UNIX filesys-
tem tree to the cache, stores the resulting manifest in the
cache, and optionally attaches a name to the manifest
via the storage controller. “whget” fetches a manifest
from storage, downloads the blocks, computes the MD5
checksums of the individual files, and optionally writes
the files to the local filesystem. These tools — and the
warehouse client library in general — can be used from
any host with access to TCP/IP ports on the warehouse
instances, such as an administrator’s workstation.
“whget.cgi” provides a web interface to the con-
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Figure 6: “Regol” helps us notice problems by re-submitting
selected jobs when the cluster is idle. This graph shows two
different jobs being repeated. Solid shapes indicate successful
jobs. Hollow shapes indicate failures. Dashed lines indicate
commits to the Subversion repository. If a string of failures
begins at a vertical line and ends at another vertical line, it is
most likely that the failures were caused by an errant commit.

tents of a manifest. It allows users to view filenames
and sizes, click individual files to download them, and
download the manifest file itself. Along with Apache’s
mod_rewrite module, this makes it easy for a devel-
oper to selectively publish individual data sets.

4.4 Performance and reliability

In Figure 6 the repeatability of two jobs, “mr-raw” and
“mr-jp2”, is illustrated. These jobs are running simulta-
neously; they perform approximately one terabyte of in-
put and output in each pair of runs. The “jp2” job uses the
lossless JPEG2000 format to compress the image data
and is CPU intensive. The “raw” job is primarily limited
by I/O. By inspection it is clear that the cluster achieves
more than 400 MB/s of I/0O: 1 terabyte in total, divided
by 2500 seconds for the slower job.

To futher explore the aggregate I/O and computational
capacity of both clusters, we ran a selection of “mr
zhash” cryptographic hash functions concurrently with
the “mr-pivot” function described above. The input to
mr-zhash is compressed data; in each job, the amount of
data processed is over 100 times the amount read from
cache. This mixture of computation-intensive and 1/O-
intensive work was repeated over a 16 hour period, using
42 instances on each cluster. Over the 16 hour period,
“mr-zhash” processed 102 TB of uncompressed data
(1.5 GB/s on 12 templeton instances, 380 MB/s on 12 un-
cle instances) while “mr-pivot-images” performed 74 TB
of I/0O (1 GB/s on 30 templeton instances, 290 MB/s on
30 uncle instances).

In the above test, we ran “mr-zhash” in sets of twelve
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Figure 7: Mean time to read, uncompress, and run various
checksum algorithms on 5.5 GB of compressed images, using
an allocation of one warehouse instance per job on a busy clus-
ter. Black bars represent jobs with the default client library con-
figuration; hollow bars show the effect of disabling the RAM
cache. Execution time is less predictable on uncle: some nodes
are much slower than others, and the allocation of nodes to jobs
is not random, so we see artifacts in the first graph. Temple-
ton’s hardware is faster and more uniform; this is reflected in
the second graph.

concurrent jobs — for each of six hash functions, one job
with the RAM cache enabled, and one without. The re-
sults are shown in Figure 7.

Many of our design features are responses to lessons
we have learned while using our two prototype clusters.
For example, because we allocated space for cache on
all of our disks before deploying the storage service, the
storage service still shares disks with the cache. As a
result, the storage service cannot serialize disk accesses.
Our disk cache itself was deployed by adding a few disks
at a time. This resulted in a poor distribution of data.
The manifest used in the “mr-pivot-images” example has
50% of its blocks stored on only 22 disks. As we dis-
cussed above, performance suffers when a small num-
ber of disks are accessed by a larger number of concur-
rent processes. It is also noteworthy that even with four
concurrent readers on one node, we currently achieve
only 75 MB/s of I/0. We have verified with the UNIX
find program that blocks read in 64 MiB chunks can be

402

USENIX ’08: 2008 USENIX Annual Technical Conference

USENIX Association



read from the file system at 60 MB/s. We have verified
with the iperf program that our network can sustain
100 MB/s. Although we have only reached 75% of this
limit, rather than the 90% we set out to achieve, we look
forward to deploying a new cluster with a properly bal-
anced disk cache and segregated disks for storage. Even
if the storage service never surpasses 75 MB/s per node,
we are confident that we can achieve 4-8 GB/s of aggre-
gate I/O.

4.5 Utilization

Between November 2007 and March 2008 we completed
460 million seconds of computation (18% utilization) on
templeton and 600 million seconds (24% utilization) on
uncle. During this time we accumulated 30 TB of data in
cache on templeton (consuming 60 TB, 98% of the disk
space allocated to the cache service) and 10 TB of data
on uncle (consuming 20 TB, 73% of the space allocated).
The two clusters consist of new and old hardware costing
$150,000 in total. Annual costs include $25,000 for floor
space, power, cooling, and network service, and about
$50,000 for staff costs.

If we had paid for this CPU time on a per-second ba-
sis at the rate charged by Amazon’s EC2 for comparable
instances — $0.80 per hour for an extra large instance per
node, $0.20 per hour for two small instances for each of
the 36 older uncle nodes — this would cost $96,000 per
year. Storing an average of 20 TB of data for the du-
ration would cost an additional $36,000 per year, at the
Amazon S3 rate of $0.15 per GB per month.

We can also consider the cost of the time spent copying
data between S3 and EC2. Amazon does not specify the
usable bandwidth between S3 and EC2, but if we assume
that it is a very low 2 Gb/s, it costs $41 to keep 47 EC2
nodes active while copying 1 TB of data from S3 to EC2.
If our 25% utilization rate comes from working on 1 TB
of data for one day every four days, the annual transfer
cost is less than $4000 per cluster. This cost is even lower
if the available bandwidth is more than 2 Gb/s, which is
likely. Therefore, in most cases we expect this transfer
cost to be negligible compared to the cost of computation
time and storage space.

At these rates, our two clusters will take three years
to break even with an Amazon EC2 and S3 implemen-
tation. The discrepancy between these figures and those
given in section 2.1 is a reflection of the lower number of
CPU cores per node in our older hardware, as well as our
low hosting costs. Even with this older hardware, a uti-
lization level of 25% is enough to bring the break-even
point down to two years.

5 Future Directions

For our projects — and we believe this is true for others
too — it is difficult to budget for computation and stor-
age needs. How much we want depends on how much
it costs. A platform for universal personalized medicine
should permit individuals to form small communities that
suit their own needs, while retaining much of the econ-
omy of scale available to much larger communities. We
believe that this can be achieved by building a highly de-
centralized global network of Free Factories that allocate
underutilized resources through market mechanisms.

Others have explored the possibility of capturing mar-
ket signals from users and we believe this is an attractive
way to allocate resources for our applications in the long
term [4, 10, 26]. Since we have control of our architec-
ture from the hardware up, we hope that implementation
and experimentation with such mechanisms will be pro-
vide an opportunity for fruitful future research.

Finally, in the spirit of free and open source software,
we hope others will deploy Free Factories of their own
for applications we have never imagined.
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