
A note on the Zipf distribution of Top500 supercomputers  
-- And why Grid computing has the wind in its sails --  

Matei Ripeanu 
(matei@ece.ubc.ca) 

Trends inferred from the fastest supercomputers lists for the last 13 years indicate that 
aggregating the computational power of relatively small machines is becoming 
increasingly rewarding. It is thus no coincidence that Grid computing, which provides the 
infrastructure to build these controlled, secure resource aggregations, continues to attract 
increasing interest. 

Most natural and technical phenomena are characterized by highly unbalanced 
distributions: there are few powerful, devastating earthquakes and countless unnoticeable 
ones; there are a few people making more than one million dollars a year while much lower 
pay rates are the norm; and there is only one machine with a peak compute rate larger than 
100 TFLOPS (1014 floating-point operations per second) while millions of machines work 
under 1 GFLOPS.  Many of these distributions (city sizes, incomes, word frequency) fit a 
Zipf distribution [1, 2]: after ranking all events in decreasing order, the size of an event is 
proportional to its rank to a negative constant power k: k

size rankcE −∗= . Visually, as the 

equation above can be rewritten as ( ) ( )rankkcEsize loglog ∗−= , the indication of a Zipf 

distribution is a straight line when the distribution is plotted on logarithmic scales on both 
event size and rank axes. 

Adamic et al. [3] conjecture that Zipf distributions characterize many of the entities 
participating in the Internet, from obvious attributes like CPU speed, available disk space, 
or network bandwidth, to more elaborate ones such as inter-failure time, node 
trustworthiness, or 
reliability. Indeed, existing 
data support this intuition: 
Internet’s autonomous 
system size [4], the number 
of physical links attached to 
a router [5], node 
bandwidth for Gnutella 
network nodes [6, 7],  or 
web-site popularity [3], all 
follow Zipf distributions, or 
at least highly 
heterogeneous distributions 
that can be well 
approximated as Zipf. 

Interestingly, peak 
compute rates of world’s 
top supercomputers, as 
measured by the Top500 
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Figure 1: Peak processing rate (GFLOPS) for world’s fastest 
supercomputers as presented by Top500 list from 1993 to 2005. Each 
series of points represents one year on this plot with log scales on both 
axes. 
 



list [8], have followed Zipf distributions for each year from 1993 to 2005 too (Figure 1). 

It is worth observing that over these 13 years the plots corresponding to these 
distributions appear as almost parallel and equidistant lines uncovering a yearly constant 
factor improvement in compute power. Part of this amazing exponential compute power 
increase over time is explained by performance improvements at the chip level as predicted 
by More’s law. Additionally, this data implies that the other components of the compute 
stack (e.g., network interconnects, communication libraries, other elements of the software 
stack) have roughly kept up with chip exponential level improvements. (We note that the 
average yearly performance increase is about 90% per year).  

At a closer look, however, a fascinating trend surfaces: over time the performance 
of machines in the tail of these distributions has grown faster than that of top machines. To 
explore this trend in a systematic way we compute the exponent of the Zipf distributions for 
each year, which translates in fact in computing the slope of the lines in the log-log plots of 
Figure 1. Figure 2 presents the evolution of this exponent over time. We can observe a clear 
trend: k continuous and steady decrease form 0.93 in 1993 to 0.65 in 2005.  Note that the 
lower the exponent k is, the smaller the differential between machines at the top and at the 
bottom of the Top500 list for a certain year becomes. 

    Constant k  evolution     .             
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Figure 2: The evolution of the constant k 
determining the shape of Zipf distributions of 
compute power of computers in Top500 
supercomputers list. 

Figure 3: The ranking of a hypothetical machine 
that aggregates the power of the last 5, 10, or 25 
machines in the Top500 list.  Note the continuous
improvement in ranking over time. 

 
To quickly build intuition on the impact of this trend, Figure 3 presents how a 

hypothetical machine that aggregates the power of the last five machines in the Top500 list 
would have ranked. Note the continuous improvement in rankings: from 112th ranking in 
1993 to 40th in 2005.  The same valid for any distributed machine that aggregates the power 
available in the tail of these distributions.  The aggregate of the last 25 machine would have 
ranked 30th in 1993 and 5th in 2005.  Note that aggregating the power of multiple, 
geographically distributed, supercomputers is not an implausible scenario: as far back as 
2001 Allen et al. [9] demonstrated that an efficient middleware stack and a small number of 
application-level changes can help hide network latency and the heterogeneity inherent 
when coupling multiple machines and can lead to achieving high computational efficiencies 
even for tightly-coupled, ‘stencil’ computations. 

To summarize: a long running trend indicates that it is increasingly rewarding to 
aggregate the computational power of relatively small machines. If this trend persists, 



interest will continue to shift from building large machines to large-scale integrations of 
less powerful systems. The increasing popularity of Grid computing is, partially, a result of 
this shift in interest as Grids provide computational models and middleware for large-scale 
resource integration, though with specific assumptions on resource participation and 
ownership, security requirements, and end-user/application requirements. Given its focus, 
the trend presented in this article is like the wind in the Grid computing’ sails. 
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