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Our equations allow perf(r) to be an arbitrary func-
tion, but all our graphs follow Shekhar Borkar3 and 
assume perf(r) = r . In other words, we assume efforts 
that devote r BCE resources will result in sequential 
performance r . Thus, architectures can double per-
formance at a cost of four BCEs, triple it for nine BCEs, 
and so on. We tried other similar functions (for example, 

r1 5. ), but found no important changes to our results.

SYmmETRIc MULTIcoRE CHIPs
A symmetric multicore chip requires that all its cores 

have the same cost. A symmetric multicore chip with a 
resource budget of n = 16 BCEs, for example, can sup-
port 16 cores of one BCE each, four cores of four BCEs 
each, or, in general, n/r cores of r BCEs each (our equa-
tions and graphs use a continuous approximation instead 
of rounding down to an integer number of cores). Figures 

1a and 1b show two hypothetical symmetric multicore 
chips for n = 16. 

Under Amdahl’s law, the speedup of a symmetric 
multicore chip (relative to using one single-BCE core) 
depends on the software fraction that is parallelizable 
(f), the total chip resources in BCEs (n), and the BCE 
resources (r) devoted to increase each core’s perfor-
mance. The chip uses one core to execute sequentially 
at performance perf(r). It uses all n/r cores to exe-
cute in parallel at performance perf(r) �s n/r. Overall,  
we get:

Speedupsymmetric f n r f
perf r

f r, ,�� �	��
���


�� �	
�–

1
1

pperf r n�� �	�–

Consider Figure 2a. It assumes a symmetric multi-
core chip of n = 16 BCEs and perf(r) = r . The x-axis 

Amdahl’s Law
Everyone knows Amdahl’s law, but quickly for-
gets it.  —Thomas Puzak, IBM, 2007

Most computer scientists learn Amdahl’s law in 
school: Let speedup be the original execution time 
divided by an enhanced execution time.

1
 The modern 

version of Amdahl’s law states that if you enhance a 
fraction f of a computation by a speedup S, the overall 
speedup is:
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Amdahl’s law applies broadly and has important 
corollaries such as:

Attack the common case: When f is small, optimi-
zations will have little effect.

• The aspects you ignore also limit speedup:  
As S approaches infinity, speedup is bound by 
1/(1 – f ).

Four decades ago, Gene Amdahl defined his law for 
the special case of using n processors (cores) in parallel 
when he argued for the single-processor approach’s 
validity for achieving large-scale computing capa-
bilities.

1
 He used a limit argument to assume that a 

fraction f of a program’s execution time was infinitely 
parallelizable with no scheduling overhead, while 
the remaining fraction, 1 – f, was totally sequential. 
Without presenting an equation, he noted that the 
speedup on n processors is governed by:
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Finally, Amdahl argued that typical values of 1 – f 
were large enough to favor single processors.

Despite their simplicity, Amdahl’s arguments 
held, and mainframes with one or a few proces-
sors dominated the computing landscape. They 
also largely held in the minicomputer and personal 
computer eras that followed. As recent technology 
trends usher us into the multicore era, Amdahl’s law 
is still relevant.

Amdahl’s equations assume, however, that the 
computation problem size doesn’t change when 
running on enhanced machines. That is, the frac-
tion of a program that is parallelizable remains 
fixed. John Gustafson argued that Amdahl’s law 
doesn’t do justice to massively parallel machines 
because they allow computations previously intrac-
table in the given time constraints.

2
 A machine 

with greater parallel computation ability lets com-
putations operate on larger data sets in the same 
amount of time. When Gustafson’s arguments 
apply, parallelism will be ample. In our view, how-
ever, robust general-purpose multicore designs 
should also operate well under Amdahl’s more  
pessimistic assumptions.
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BCEs, while Figure 2f gives curves for n = 256 BCEs. 
As the graphs show, performance always gets better 
as the software can exploit more BCE resources to 
improve the sequential component. Practical consid-
erations, however, might keep r much smaller than its 
maximum of n.

Result 6. Dynamic multicore chips can offer speed-
ups that can be greater (and are never worse) than 
asymmetric chips with identical perf(r) functions. 
With Amdahl’s sequential-parallel assumption, how-
ever, achieving much greater speedup than asymmetric 
chips requires dynamic techniques that harness more 
cores for sequential mode than is possible today. For  
f = 0.99 and n = 256, for example, effectively harness-
ing all 256 cores would achieve a speedup of 223, 
which is much greater than the comparable asymmet-
ric speedup of 165. This result follows because we 
assume that dynamic chips can both gang all resources 
together for sequential execution and free them for 
parallel execution.

Implication 6. Researchers should continue to inves-
tigate methods that approximate a dynamic multicore 
chip, such as thread-level speculation and helper threads. 
Even if the methods appear locally inefficient, as with 
asymmetric chips, the methods can be globally efficient. 
Although these methods can be difficult to apply under 
Amdahl’s extreme assumptions, they could flourish for 
software with substantial phases of intermediate-level 
parallelism.

SImPLE as PossIBLE, BUT No SImPLER
Amdahl’s law and the corollary we offer for multicore 

hardware seek to provide insight to stimulate discussion 
and future work. Nevertheless, our specific quantitative 
results are suspect because the real world is much more 
complex.

Currently, hardware designers can’t build cores that 
achieve arbitrary high performance by adding more 
resources, nor do they know how to dynamically har-
ness many cores for sequential use without undue perfor-
mance and hardware resource overhead. Moreover, our 
models ignore important effects of dynamic and static 
power, as well as on- and off-chip memory system and 
interconnect design.

Software is not just infinitely parallel and sequential. 
Software tasks and data movements add overhead. It’s 
more costly to develop parallel software than sequen-
tial software. Furthermore, scheduling software tasks 
on asymmetric and dynamic multicore chips could be 
difficult and add overhead. To this end, Tomer Morad 
and his colleagues13 and JoAnn Paul and Brett Meyer14 
developed sophisticated models that question the 
validity of Amdhal’s law to future systems, especially 
embedded ones. On the other hand, more cores might 
advantageously allow greater parallelism from larger 
problem sizes, as John Gustafson envisioned.15

Pessimists will bemoan our model’s simplicity and 
lament that much of the design space we explore 
can’t be built with known techniques. We charge 

you, the reader, to develop better models, and, more 
importantly, to invent new software and hardware 
designs that realize the speedup potentials this article 
displays. Moreover, research leaders should temper the 
current pendulum swing from the past’s underemphasis 
on parallel research to a future with too little sequen-
tial research. To help you get started, we provide slides 
from a keynote talk as well as the code examples for 
this article’s models at www.cs.wisc.edu/multifacet/
amdahl. 
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