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Abstract

Cache decay is a leakage-reduction mechanism that puts cache
lines that have not been accessed for a specific duration into a low-
leakage standby mode. This duration is called the decay interval,
and its optimal value varies across applications. This paper de-
scribes an adaptation technique that analytically finds the optimal
decay interval through profiling, and shows that the most impor-
tant variables required for finding the optimal decay interval can
be estimated using profiling with a reasonable degree of accuracy.
Unlike previous methods that attempt to put only ‘dead’ lines into
standby mode, this work explicitly trades off the leakage power
saved in putting ‘live’ lines into standby against its performance
and energy costs. It also combines traditional DVS with cache de-
cay using an

�����
analysis and obtains results close to what can

be obtained with an omniscient choice of per-benchmark optimal
decay interval.

1 Introduction

Energy-efficiency has become a first-class design constraint as
a way to improve battery life in mobile and embedded devices
and as way to reduce operating costs in desktop and server sys-
tems. Active or “switching” power has been the dominant part of
processor power. However, as process technology and threshold
voltages scale, static or “leakage” power has grown in importance,
growing exponentially [15] and possibly approaching 50% of total
power dissipation within the next two or three technology gener-
ations. Since L1 caches form a significant portion of processor
power (about 15-20%), there has been a focus on techniques that
reduce their leakage power by shutting down idle cache lines.

Cache decay [6] is one such technique that shuts down infre-
quently accessed cache lines to save leakage power. When a cache
line has not been accessed for some time—the decay interval—it
is considered dead and put in a standby state. The decay interval is
important for non-state-preserving techniques like gated- ����� [6]
where putting a line into standby consists of shutting off power
to that cell, and an induced miss incurs the cost of an extra ac-
cess to the next level of cache (this has also been referred to as
gated- ��	
	 ). The decay interval is much less important for state-
preserving techniques like drowsy cache [4], but recent work has
suggested that L1 cache decay using gated- ����� is more energy-
efficient and has less performance cost for the latencies seen with
on-chip L2 caches [10]. The energy and performance advantage
of gated- ����� is likely to be even better than that work suggested,

because it did not account for the energy and performance cost of
replay traps that drowsy-cache “slow hits” would incur, a problem
that is not present for gated- ����� .

With gated- ����� , too-short decay intervals lead to many live
lines being shut down erroneously. Too-long decay intervals lead
to dead or long-unused lines not being shut down and hence result-
ing in little or no leakage power savings. Hence a correct choice
of the decay interval is important. The optimal value of this de-
cay interval varies across applications and across program phases
within an application. Decay-based leakage saving techniques
should adapt the decay interval to the value optimal to the partic-
ular application’s behaviour. This paper uses profiling and offline
analysis to determine the optimal value of the decay interval on a
per-application granularity for maximizing energy savings subject
to a constraint of very little or no performance loss subject to an��� �

optimization framework [20], which is voltage-independent.

Related Work. Kaxiras et al’s work on cache decay [6] im-
proves upon a coarser-granularity work by Yang et al [17] on in-
struction caches which shuts down groups of I-Cache lines. Both
these techniques use the gated- ����� technique [11] which uses an
extra ’sleep transistor’ in a standard SRAM cell. The sleep transis-
tor gates off the power supply to the cell on a ’sleep signal’ thereby
reducing the leakage current to almost zero. Since the power sup-
ply of the SRAM cell is cut off, gated- ����� is a non-state-preserving
technique and hence, on powering the cache line back up, data
has to be read from a lower level cache or memory. Other state-
preserving alternatives to gated- ����� like reverse body bias [7, 9]
and drowsy caches [4] have been proposed, but may be inferior
for L1 caches that are backed by fast, on-chip L2 caches [10]. Our
work is mainly based on cache decay that uses gated- �
��� . Al-
though the benefit is greatest for non-state-preserving techniques,
time-based decay using any of these techniques involves a decay
interval and hence our method can be applied to all the above tech-
niques.

Adaptation of decay interval according to the application be-
haviour has been looked at by Kaxiras et al [6], Zhou et al [18]
and Velusamy et al [16]. Kaxiras et al. [6] use a per-line adapta-
tion scheme that adapts the decay interval of each line according to
the time at which a miss occurs after shutting down a line. Zhou et
al’s Adaptive Mode Control (AMC) and Velusamy et al’s Integral
Miss Controller (IMC) are global schemes which adapt the decay
interval at the whole cache granularity. They keep the tag array
always powered on to measure the application’s true behaviour
without decay. AMC adapts the decay interval by making the
application’s decay behaviour track its true non-decay behaviour
while IMC uses formal feedback control to perform the adapta-



tion. While both Kaxiras et al.’s work and AMC try to minimize
the performance loss, they don’t explicitly consider the tradeoff
of shutting down live lines. IMC indirectly considers the shutting
down of live lines through its choice of setpoint but suffers from
the non-adaptation of the setpoint. In this paper, we compare our
work to each of the above adaptation techniques.

Contributions. This paper provides a profile-based technique
for decay interval adaptation that chooses the optimal decay inter-
val through offline analysis. We find that the important variables
that determine the energy saved due to decay can be estimated with
a reasonable degree of accuracy through profiling. Further, this
work explicitly considers the energy vs delay tradeoff of shutting
down live lines. It also uses

��� �
analysis to combine traditional

DVS with cache decay, thereby performing almost as well as an
’energy optimal’ omniscient choice of per-benchmark individual-
best decay interval. A similar framework should be easy to ap-
ply to other cache-like structures like the L1 I-cache, L2 cache,
branch-prediction structures, trace cache, value predictor, etc.

The remainder of the paper is organized as follows: Section
2 details the background and motivation for our work, Section 3
describes our estimation technique, Section 4 describes the evalu-
ation framework we have used, Section 5 discusses the results and
Section 6 concludes the paper.

2 Background and Motivation

2.1 Cache Decay

Once a new line is brought into a cache, it typically gets ac-
cessed many times due to the locality of the program. After the
last access, it remains in the cache until a new line replaces it.
During the time after its last access and before eviction, it idles in
the cache dissipating leakage power. The time between the arrival
of the cache line or the beginning of a new generation and the last
access to it is called the live time of the generation. The time be-
tween two successive accesses to the same line is called an access
interval of the generation. The idle period before eviction is called
the dead time of the generation. Cache decay [6] identifies these
dead times and switches the lines into standby mode by gating off
their power supply - hence saving the leakage power that would
have been dissipated during those dead times.

Cache decay uses counters to measure the last time a cache line
was accessed. If the duration since the last access is greater than
a particular threshold, the line is assumed to be dead and is put
into standby. This threshold used to distinguish between live vs.
dead lines is called the decay interval. If the decay interval is too
small, many live lines will be put into standby. Since gated- �
���
is a non-state-preserving technique, shutting down live lines leads
to extra, induced misses to the next level cache, which slow the
program down. Moreover, these extra misses lead to additional
dynamic energy dissipation in the processor. On the other hand, if
the decay interval is too large, many dead lines would not be put
into standby, hence dissipating leakage power. Kaxiras et al found
that the access intervals in programs were much shorter than the
dead times, thereby providing a convenient demarcation point for
the decay interval. They used a comptetitive algorithms argument
to obtain a constant decay interval value of 8K cycles.

Leakage energy savings in cache decay is due to putting cache
lines into the low-leakage standby mode. A metric that numeri-

cally measures the degree to which lines are shut down is the turn-
off ratio. It is the fraction of time that the cache lines are in the
standby mode. Lower decay intervals lead to higher turn-off ratios
and vice versa.

2.2 Motivation

Variability. The optimal decay interval for an application de-
pends on the nature of its memory accesses. As application be-
haviour varies, the optimal decay interval also varies. Figure 1
shows a sample of this variability for three SPEC2000 bench-
marks. Two of these three benchmarks (art and eon) form the
extreme cases in our study and the third (twolf) is one of the appli-
cations with ’close to average’ behaviour. The first figure shows
statistics about access intervals. The second figure shows statis-
tics about dead times. Variability across applications is evident in
both cases. Further, not only are the means different, so are the
standard deviations - i.e., the variability within applications is also
different. The third figure shows the optimal decay interval that
we find in terms of energy savings. Since the applications vary so
much in their memory behaviour, the optimal decay interval also
varies. This suggests that there is room for adaptation in cache
decay.

Live lines. The third figure also shows something more inter-
esting. It shows the dead time as a fraction of total time in these
applications. Since this is the highest turn-off ratio (tor) that can
be obtained by putting only the dead lines into standby, it is called
’ideal tor’. This value is very high for ’art’ and ’twolf’ indicating
that, in those applications, most of the benefit in leakage savings
can be reaped by turning off dead lines. However, in ’eon’, the
case is different. Dead times contribute only to 11% of the to-
tal time. We also observe that, of the remaining 88% live time,
more than 15% comes from access intervals that are greater than
1M cycles. However, these access intervals only form a fractional
(0.008%) portion of the total number of accesses. This means that,
the time contribution of these live lines is very high (because they
are long) in spite of their occurring very infrequently. Turning
off such live lines benefits us in two ways - first, it saves a large
amount of leakage energy as the lines stay off for the entire long
duration of the access interval. Second, it leads to very little per-
formance loss because of its infrequent occurrence. This indicates
that, by explicitly considering the tradeoff of shutting down live
lines, we might potentially be able to obtain energy savings higher
than otherwise.

The above two observations suggest that there is potential for
an adaptative technique that explicitly considers the tradeoff of
putting live lines into standby mode. In order to consider such
a tradeoff, we take the approach of analytically deriving the vari-
ables that determine the energy savings from the access and dead
time data obtained through profiling. Once these variables have
been estimated, the choice of the best decay interval is simple.
It is that decay interval corresponding to the variables which re-
sult in the maximum energy savings. We also perform a voltage-
independent

�����
analysis [20] using the estimated variables and

combine cache decay with traditional DVS in order to enhance the
energy savings of the profile-based scheme. Such an enhanced
profile-based scheme performs almost equal to a premonitory se-
lection of the individual best decay interval.
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avg stdev max
art 13 27 4092

twolf 254 2515 304701
eon 751 102647 380539664

avg stdev max
art 3965 6443 42544

twolf 29270 23070 457980
eon 68002 1877187 483994770

ideal tor best intvl
art 99.02 256

twolf 87.21 4096
eon 10.93 16384

Figure 1. (a) Access interval statistics (b) Dead time statistics and (c) Best decay interval and oracle
turn-off ratio.

3 Methodology

This section describes in detail, the profile based estimation
technique and the

��� �
analysis used to choose the optimal decay

interval. The main idea is to make use of the profile data collected
to estimate the energy savings for different decay intervals and
choose the interval corresponding to the maximum savings.

3.1 Normalized leakage savings

The energy savings due to cache decay are dependent on four
main variables:

1. The turn-off ratio ( �
��� ), which is the fraction of time spent
by the cache lines in the low-leakage standby mode. This is
the measure of the fraction of cache leakage power saved.

2. The dynamic energy cost incurred in going to a lower level
cache due to the turning off of live lines. This consists of two
parts:

(a) When a live line is turned off, the next access to
it results in a miss. This is called an induced miss
( ��� ) since it is not present in the default program be-
haviour without decay but has been induced by the de-
cay mechanism. Each ��� results in an access to the
lower level cache which results in dynamic energy dis-
sipation.

(b) When a live line is turned off, it could have been dirty
and could have resulted in a writeback. If this write-
back is an extra writeback, which was not present
in the default program behaviour without decay, it is
called an induced writeback ( ����� ). It is to be noted
that writebacks that occur during the decay of a live
line need not always be induced. They could also be
eager writebacks [8] that are just happening ahead of
time. Each ����� also results in dynamic energy dissi-
pation due to an access to the lower level cache.

3. The energy overhead due to any additional hardware used to
implement the decay policies. In case of constant cache de-
cay [6], this overhead is due to the counters used to measure
the time of last access. In case of the adaptive decay policies
IMC [16] and AMC [18] additionally, this includes the en-
ergy of keeping the cache tags on since they measure the ���
by keeping the tags on.

4. The energy cost of performance degradation. In case of per-
formance loss, since the program runs longer, idling energy
is spent during the extra cycles the program takes to com-
plete. Assuming ideal clock gating, this primarily arises from
the leakage energy in the rest of the processor.

Amongst these four variables, the energy due to overhead hard-
ware for cache decay has been known to be negligible [6] and
hence can be omitted. However, it cannot be omitted for AMC
or IMC since the tag array dissipates non-negligible fraction of the
total cache power.

In order to express the energy savings in a normalized fashion,
we take the same approach as Kaxiras et al. We express the energy
savings due to decay as a ratio to baseline cache leakage energy.
This leads to the following expression for the normalized cache
leakage savings ( ������� )

�������! "�#�$�&%('*) ���+�
���-,&.*��� /10�/�'2�435����� /�0�/1'6��7 (1)%-�98�'2� ���+�
����,;:
�<�$/ �='>�$��8+�$��?
In the above expression, '*) �����#��� is the ratio of the dynamic

energy of an L2 access per cycle to the L1 D-Cache leakage energy
per cycle. We use a value of 10 for this, which is the same as in
[6]. ��� /�0�/�'6� and ����� /10�/�'6� are the number of induced misses
and writebacks divided by the baseline program running time in
cycles respectively. :��=��/ �<'2����8+����? is the ratio of the difference
in running times with and without decay to the baseline running
time. �98�'2� ���+�
��� is the ratio of the idling energy spent in the whole
of the processor per cycle to the cache leakage energy per cycle.

In order to determine the value of ��8�'6� �$�+�
��� , we use the
Wattch 1.02 [2] power simulator to first find the ratio of the L1
D-Cache power to the total CPU power for a cache configuration
that closely resembles Alpha 21364. We use Wattch’s linear scal-
ing model for technology parameters and obtain @�ACB<D=E numbers
for ����� =1.3V at a clock speed of 3 GHz. This ratio turns out to be
10.6%. We assume this ratio holds good also for leakage power.
Further, assuming the rest of the processor is not using any decay
policy, and using the average leakage savings value of 75% from
[6], ��8�'6� �$�+�
��� can be found to be .
B�@F@
%GB<@�A H�,+@�A IFJ$7LK�B�@�A HM ON�A I .
Including the effect of non-ideal clock gating and extra energy
spent in pipeline stalls will slightly increase this value. So, we
use a value of 10 for ��8�'6� ���+�
��� . It is to be noted that these con-
stants, while mandatory in reporting energy savings, do not affect
the estimation method itself.

3.2 Estimation of variables

Equation 1 shows the relationship of normalized leakage en-
ergy savings to the four variables - �
��� , ��� /�0�/1'6� , ����� /�0�/�'6� and:
�<��/ �<'2����8+����? . Our goal is to obtain expressions for each of
these variables as a function of the decay interval. Let us suppose
that the frequency distributions of the access intervals and the dead
times are available for all the decay intervals ��PRQ�Q<Q
�LS that we are
interested in. This is not an unreasonable assumption because we
could obtain it through profiling for the discrete set of decay in-
tervals we are interested in. Note that we assume decay intervals
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which are powers of two like Kaxiras et al. Hence, �UT>V P would be
double the value of � T .

Let us begin with ��� /10�/�'6� . Induced misses are those accesses
to a particular cache line whose inter occurrence time is greater
than the decay interval. Then and only then, cache decay would
have wrongly identified those live lines as dead lines. If �W.6�UT97 de-
notes the number of access intervals that lie between � T and � T>V P
(i.e., the function � is the frequency histogram of the access inter-
vals), then the total number of access intervals that are greater than
or equal to � T is given by �W.6� T 7X3Y�W.6� T>V PU7X3ZQ�Q�Q[3Y�W.6�LS�7 . Let this be
denoted by \].6� T 7 . However, if � T is the decay interval we are inter-
ested in, then from our description of induced misses above, it is
clear that the total number of access intervals greater than � T (i.e.,\^.6� T 7 ) is actually the number of induced misses corresponding to
that decay interval �LT . Hence,

���(.6�LT97_ O\^.6�LT97_ S` a
b T �W.6�

a
7 (2)

Now, let us obtain an expression for the number of decayed
lines corresponding to a specific decay interval. The lines put into
standby in cache decay can either be live lines or dead lines. Live
lines lead to induced misses while dead lines lead to leakage en-
ergy savings. If 8
.6�LT�7 denotes the number of dead times that lie
between � T and � T>V P , similar to the number of induced misses, the
number of dead lines that are closed down is given by c Sa b T 8
.6�

a
7 .

Let this be called
� .6�LT[7 . Hence, the number of decayed lines is\^.6� T 7d3 � .6� T 7 . Of those decayed lines, induced misses are the

erroneous predictions of dead lines. Thus, the misprediction rate
of the decay mechanism in identifying the dead lines is given by

\].6�
T[7\].6�
T�7e3 � .6�LT97
In order to find an expression for �9��� , let us consider the num-

ber of access intervals that lie between �UT and �LT>V P such that the
cache line corresponding to that interval is dirty at the beginning
of the interval. We shall denote it by ��f[.6�
T[7 . Similarly, let 8+f#.6�
T�7
be the number of dead times which begin with a dirty line. Then,
if

\ f .6�LT97_ S` a
b T � f .6�

a
7

and if � f .6� T 7_ S` a
b T 8 f .6�

a
7

It can be seen that the number of dirty lines that were put into
standby mode is given by \ f .6� T 7e3 � f .6� T 7 . Out of these, induced
writebacks are the mispredictions. Hence, with a reasonable de-
gree of approximation, ����� can be obtained by multiplying this by
the misprediction rate. i.e.,

�����F.6�LT97_ \^.6� T 7\].6� T 7R3 � .6� T 7 .�\ f .6�LT97R3 � f .6�LT97L7 (3)

This is approximate because equation 3 doesn’t account for ea-
ger writebacks. We will show later that in spite of such approxi-
mations, our estimation method is able to obtain the values of the
variables with a reasonable degree of accuracy.

From equations 2 and 3, two of the four variables of the �������
equation ( equation 1) - �9� /�0�/�'6� and ����� /�0�/�'6� can be estimated

(by dividing ��� and ����� respectively by the baseline running time
in cycles). The next important variable to be estimated is the turn-
off ratio �
��� . It is determined by the time spent both by live and
dead cache lines in the standby mode. To illustrate the analysis
better, let us consider an example. Let the decay interval be 4K
cycles. Let the number of dead times between 4K and 8K cy-
cles be 1000 while the number of access intervals in that range be
10. Then, assuming a uniform distribution of the dead times and
access intervals between 4K and 8K cycles, the mid-point lies atgFhZi ) . The time contribution of the dead times under considera-
tion is B<@F@$@ x

gFh i ) . Similarly, the time contribution of the live
times is B<@ x

gFh i ) .
Let us generalize the above example. With the descriptions of�W.6� T 7 and 8
.6� T 7 as frequency histograms and � T as the decay inter-

val, the live time contribution of the access intervals between �UT
and �
T2V P is �W.6�LT97 x �LT x

i ) . The total live time contribution of
all access intervals greater than or equal to � T is c Sa b T �

a
�W.6�
a
7 i ) .

Since cache decay closes down only those lines which have not
been accessed for the duration of the decay interval, the standby
time contribution due to live lines includes only the access in-
tervals greater than the decay interval. Hence, if we denotec Sa b T �

a
�W.6�
a
7 by \�\].6�LT�7 , then, the total standby time contribu-

tion due to switching live lines into standby mode is given by\�\].6� T 7 i ) . Similarly, if we denote c Sa b T �
a
8
.6�
a
7 by

�j� .6� T 7 ,
then the total standby time contribution due to switching off of
dead lines is given by

�j� .6�LT#7 i ) . However, we have not consid-
ered the cost of waiting for a period equal to the decay interval
before switching the lines into standby mode. This total waiting
time is given by the product of the decay interval and the number
of lines decayed i.e., � T .�\^.6� T 7;3 � .6� T 7L7 . Putting all this together,
the total standby time for a decay interval � T is given by

.�\&\].6� T 7e3 �j� .6� T 7L7 i )�%Z� T .�\].6� T 7e3 � .6� T 7L7
. This standby time is for all lines in the cache. Hence, the standby
time per cache line is obtained by dividing this value by the num-
ber of lines in the cache ? '2��?R��� . The ratio of this standby time per
line to the total running time of the program in cycles ( ? /�0�/1'6��� )
gives the turn-off ratio. i.e.,

�
����.6�LT�7k .�\�\].6� T 7e3 �j� .6� T 7L7 i )�%Z� T .�\].6� T 7e3 � .6� T 7L7? '2��?e���l,4? /10�/�'2�$� (4)

The above equation is accurate under the assumption that the
access intervals and dead times are uniformly distributed in the
interval � T to � T>V P . However, we find that this need not be true.
In order to deal with the non-uniform behaviour, we make use of
the fact that �#�$��.�@X7� mB . In order that it is true, we calculate the
multiplication factor that takes the place of

i ) and use it in our
estimation. This approximates the skewed distribution within an
interval in a heuristic manner.

From the equations (especially one for �
��� ) above, it can be
observed that there is an explicit consideration of closing down
of live lines. So, the above estimation could for instance, result
in an explicit quantitative choice that it is beneficial to shut down
live lines for a particular application. This is something that most
other decay interval adaptation techniques lack. Closing down of
live lines comes as a side-effect in them. It is not an explicit design
point that is traded off.

The fourth and final variable in the ������� equation is the per-
fomance degradation. This is because of the induced misses
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and hence depends on �9� /�0�/�'6� . Actually, it is the product of��� /�0�/�'6� and the average latency to go to the lower level. This
effective latency is not the normal latency to the lower level - it is
much lesser. Most of the normal latency is hidden by the paral-
lelism available in the program. Further, out-of-order superscalar
issue, speculation and non-blocking caches make this effective la-
tency variable. The effective latency also depends on the criti-
cality of the loads which access the live lines that are turned off.
Since there are many complex factors involved, we are unable to
come up with an analytical expression for the effective latency as
a function of the decay interval. In order to make a reasonable
estimate of this variable, we observed the performance degrada-
tion in going from a perfect L1 data cache to a normal data cache
for all SPEC2000 benchmarks. The extra cycles were divided by
the number of L1 data cache misses to obtain the various effective
latencies. Averaging them across the integer benchmarks gave a
value of about 2 cycles. The floating point average was about 0.2
cycles. We use these constants as the estimates for the effective
latency. This is only one of the two factors determining the per-
formance degradation - we determine the other factor ( ��� /10�/�'6� )
analytically. Also, in the estimation of energy savings, a trend that
is indicative of the best decay interval is sufficient. The absolute
energy savings are not necessary to pick the right decay interval.
For these reasons, we expect this treatment of effective latency
not to produce dramatically different results. In fact, our results
confirm this - the estimation-based prediction of the optimal de-
cay interval matched with the actual optimum with a reasonable
degree of accuracy. Hence, the equation we use for performance
degradation is

:
�<�$/ �='>�$��8+�$��?_.6� T 7_ O��n
n '2�+�;,d��� /10�/�'6�+.6� T 7 (5)

Apart from the performance degradation, we expect some dif-
ference between the estimated values and the actual values for the
other variables too. This is due to the following reasons:

1. We do not account for eager writebacks directly in the ana-
lytical expressions.

2. Since the decay process slows down the program, few access
intervals and dead times would be longer than they actually
are in the original program.

3. The decay process also changes the default replacement be-
haviour of the cache since lines that are in the standby mode
get “evicted” before the lines that are active. For instance, if
the replacement policy is LRU and if the line in the standby
mode is not actually the least recently used one (this could
happen with short decay intervals), clearly there is a change
in the default behaviour. Although the line in standby mode
is not LRU, it will be the one to get evicted first.

Since the events associated with these effects would be infre-
quent, we expect these differences to be negligible. Our results
also confirm this expectation.

3.3 Choice of the best decay interval

From equations 1, 2, 3, 4 and 5, it can be seen that all
these variables are fundamentally derived from the general access
interval and dead time histograms ( �W.6� T 7 , 8
.6� T 7 ) and from the his-
tograms for dirty lines ( � f .6� T 7 , 8 f .6� T 7 ). All four of these histograms
for the �
T s we are interested in (256 cycles to 1M cycles) can be
generated by profiling. The profile data thus generated is analysed

in the same way explained by the equations above to produce the
energy savings ( ������� ). The decay interval corresponding to the
best ������� value is chosen as the optimal decay interval.

An alternative to choosing the best �$����� point is to go for the
best

��� �
point [20]. Since DVS combined with frequency scal-

ing can be applied to most scenarios, any power saving technique
should atleast be as good as DVS. Since energy varies quadrati-
cally with voltage and to a first order approximation, delay varies
linearly,

�^���
product does not change by applying DVS. If we

identify the minimal
��� �

point for a power saving technique that
does not use DVS, DVS can be applied over and above the tech-
nique to achieve the energy target. That way, the energy target
could have been achieved at the minimal

��� �
point - or in other

words, with minimal performance loss.
Since we have estimates for both energy and delay, we at-

tempt to find such an optimal
�^� �

point in the same way we
did for ������� . However, for

���M�
product, the energy has to be

that of the whole CPU and hence can’t be normalized cache leak-
age savings. To obtain chip-wide energy savings from normalized
cache leakage savings, we use a cache leakage to CPU power ratio
( '6�<��o ���+�
��� ) of 3%. For obtaining this number, we use the cache
power to CPU power ratio of 10.6% as before and assume leakage
power to be 30% of cache power. With leakage power increasing
exponentially [15], this is reasonable to assume for technologies
beyond 130 nm.

Since delay is an important variable in the
�^� �

product and
since our estimate for delay is heuristic and not based on analysis,
we expect that this technique may not perform well. We find that
in terms of estimation accuracy, it does worse than the ������� tech-
nique. But with the right choice of DVS setting, it is capable of
bridging the very small gap between the ������� technique and the
omniscient individual-best decay interval selection.

3.4 Profiling and Dynamic Adaptation

In this work, we use software profiling and offline analysis.
However, we believe profiling in hardware and extension to online
adaptation is feasible. In order to do the profiling in hardware
and obtain the four histograms, extra table space within the CPU
is required. Since decay intervals of lesser than 256 cycles and
greater than 128K cycles are hardly needed, the total number of
different decay intervals of interest is 10. If each table entry is a
32-bit counter, a total of 40 such counters and hence 1.3 KBits of
extra table space would be required. This is just to record the data
and is comparable in energy cost to keeping the tags on as in IMC
or AMC. Measurement of intervals can be done using the same
counter architecture used by Kaxiras et al. The extra hardware cost
could still be useful as our technique chooses the correct decay
interval.

Even if the extra profiling hardware is not justified, our tech-
nique could be used in a dynamic optimization framework like Dy-
namo [1] to collect profile data in software and then run natively in
hardware. Phase detection and adaptation techniques like [5, 14]
could be used to select different profiling points and the dynamic
translation infrastructure (eg. [12]) could be used to run the pro-
filer in software. Once the profiling phase is over, the optimal
decay interval for the phase could be cached and re-used when-
ever the phase recurs. Everytime a new phase is discovered, the
profiling step could be run in software for that particular phase.

5



4 Evaluation

This section describes the evaluation framework we use to eval-
uate our technique. It also explains the adaptive methods against
which we compare our technique.

4.1 Simulation Setup

The profiling described in the previous section is implemented
in SimpleScalar 3.0c simulator toolset [3]. The estimation equa-
tions of the previous section are implemented as perl scripts that
operate on the profile data produced by the above mentioned sim-
ulator. In order to evaluate other adaptive techniques like adap-
tive cache decay, IMC and AMC, we extend the simulator used
by Velusamy et al in their IMC work, which in turn was extended
from the simulator used by Kaxiras et al in their cache decay work.
In a separate exercise, we also implemented cache decay and ver-
ified if we got results similar to Kaxiras et al.

Processor Core
Instruction Window 80-RUU, 64-LSQ
Issue width 6 instructions per cycle

(4 Int, 2 FP)
Functional Units 4 IntALU,1 IntMult/Div,

2 FPALU,1 FPMult/Div,
2 mem ports

Memory Hierarchy
L1 D-cache Size 64 KB, 2-way LRU, 64 B blocks
L1 I-cache Size 64 KB, 2-way LRU, 64 B blocks

both 2-cycle latency
L2 Unified, 4 MB, 8-way LRU,

128 B blocks, 12-cycle latency, WB
Memory 225 cycles

Branch Predictor
Branch predictor Hybrid:

4K bimod and 4K/12-bit/GAg
4K bimod-style chooser

Branch target buffer 2 K-entry, 2-way

Table 1. Configuration of simulated processor
microarchitecture.
The microarchitectural configuration we use to evaluate

the techniques resembles Alpha 21364 as closely as pos-
sible. Table 1 details the microarchitectural configuration
used. Finally, as described in the previous section, we use
Wattch 1.02 power simulator [2] to make educated assump-
tions about the constants in equation 1.

4.2 Benchmarks

We evaluate our results using all the benchmarks of the
SPEC2000 benchmark suite. Summary statistics are given
in Table 2. The benchmarks are compiled and statically
linked for the Alpha instruction set using the Compaq Al-
pha compiler with SPEC peak settings and include all linked
libraries but no operating-system or multiprogrammed be-
havior. For each program, we use the reference input set
and fast-forward to a single representative sample of 1 bil-
lion instructions. The location of this sample is chosen

using the data provided by Sherwood et al [13]. Simula-
tion is conducted using SimpleScalar’s EIO traces to en-
sure reproducible results for each benchmark across mul-
tiple simulations. It is to be noted that we use the same
data for profile-based estimation and evaluation. We did
attempt cross-training but a few benchmarks indicated non-
representative behaviour and hence chose self-training. We
understand that this self-training is a matter of concern in
the research community and would address this issue by
finding an alternate representative input set as soon as pos-
sible.

bench Miss IPC best-t
Rate (%) (K Cycles)

INT
mcf 26.5 0.31 1
gap 0.3 1.74 2
vpr 5.0 1.06 4
vortex 1.0 2.22 4
bzip2 1.1 2.34 4
twolf 5.9 1.52 4
gzip 1.8 2.06 8
perlbmk 0.6 2.25 8
gcc 1.0 1.97 16
crafty 0.9 2.19 16
parser 2.0 1.65 16
eon 0.1 2.02 16
FP
art 32.8 2.30 0.25
swim 8.6 0.65 1
lucas 9.8 0.66 1
wupwise 1.7 1.53 2
applu 6.0 1.11 2
equake 10.7 0.43 2
facerec 2.6 2.25 2
mesa 0.3 2.42 4
galgel 3.0 2.57 4
ammp 4.7 1.52 4
fma3d 3.3 1.08 4
mgrid 3.4 1.24 8
sixtrack 0.2 2.46 16
apsi 2.1 1.84 16

Table 2. Summary statistics used for the
benchmarks in this study. All benchmarks
use reference inputs.

4.3 Other adaptive techniques

The three adaptive techniques against which we com-
pare our technique are Kaxiras et al’s adaptive cache decay,
Velusamy et al’s Integral Miss Controller (IMC), and Zhou
et al’s Adaptive Mode Control (AMC).

Adaptive cache decay uses a per-cache-line adaptive
scheme whose implementation involves counters as in base-
line cache decay. Each line selects one decay interval
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among 10 choices using a multiplexer. After a line is de-
cayed, the counter is used to gauge the time of next access.
If the next miss occurs very early (when the counter has not
even reached a quarter of its maximum value), then the miss
is assumed to be an induced miss and the decay interval is
increased by a factor of two. If the miss occurs late (after the
counter has crossed three-quarters of its maximum value), it
is assumed to be a miss to a dead line and the decay interval
is decreased by a factor of two. A miss occurring at other
times causes no change to the decay interval.

IMC and AMC are global schemes which adapt the de-
cay interval at the whole cache granularity. Further, instead
of using a counter, they keep the tag array powered on and
determine if a miss is induced. AMC tries to track the de-
fault program behaviour without decay by monitoring the
actual miss rate and the induced miss rate. It forces the in-
duced miss rate to track the actual miss rate within a margin
of p 50%. IMC takes the approach of formal feedback con-
trol in adapting the decay interval. The setpoint to the con-
troller is given in terms of induced misses per cycle which
the controller tracks by adapting the decay interval.

5 Results
This section presents the results of our evaluation of the

aforementioned techniques. We compare our technique to
an omniscient selection of individual-best decay intervals
and to previously proposed adaptive techniques.

5.1 Accuracy of estimation

Before we compare our technique to other techniques, it
is first essential to ascertain its accuracy. It helps us both
to verify the validity of the analysis described in Section
3 and to understand which of the sources of inaccuracies
mentioned there (performance slowdown, replacement pol-
icy etc.) are substantial with respect to the choice of a decay
interval.

As a candidate, we study a typical benchmark, gcc. Fig-
ure 2 shows the results of the study. It can be seen than the
actual and estimated values are very close, indicating that
the estimation technique is valid. Further, it is clear that
the differences in the numbers due to extra running time,
change in replacement policy etc. are not significant. It
is to be noted that the performance degradation graph also
shows a similar tracking behaviour. This is in spite of the
heuristic estimate of the effective latency. The reason is
because the heuristic value of the effective latency (2 cy-
cles for integer benchmarks) is close to the actual value for
gcc. Further, performance degradation also depends on theq#r s<t
s=u9v

number, which is computed from the analysis and
not heuristically.

5.2 Prediction of optimal decay interval

Table 3 shows the optimal decay intervals based on
v+wFxzy

and {M|~} metrics. Clearly, {�|Z} favours larger decay inter-

bench esav-best esav-pred ed2-best ed2-pred
INT
mcf 1K 1K 2K 2K
gap 2K 2K 32K 32K
vpr 4K 4K 16K 32K
vortex 4K 8K 16K 64K
bzip2 4K 8K 16K 32K
twolf 4K 4K 16K 16K
gzip 8K 8K 64K 64K
perlbmk 8K 8K 64K 64K
gcc 16K 16K 32K 128K
crafty 16K 16K 64K 128K
parser 16K 8K 64K 64K
eon 16K 16K 64K 64K
FP
art 256 256 256 256
swim 1K 2K 512 2K
lucas 1K 1K 1K 1K
wupwise 2K 2K 8K 8K
applu 2K 2K 2K 4K
equake 2K 2K 4K 4K
facerec 2K 4K 8K 8K
mesa 4K 8K 8K 8K
galgel 4K 4K 4K 4K
ammp 4K 4K 8K 8K
fma3d 4K 4K 4K 8K
mgrid 8K 8K 8K 8K
sixtrack 16K 16K 16K 16K
apsi 16K 4K 16K 16K

Table 3. Optimal decay interval - actual and
predicted values for

v+wFxzy
and {�|Z} methods

vals since the best {M| } point lies to the right of the bestv+w$x�y
point. Also, both the schemes track the optimal decay

interval trend reasonably well. Both the actual (esav-best,
ed2-best) and the predicted values (esav-pred, ed2-pred) are
shown. It can be seen that {�|(} prediction is worse com-
pared to

vXwFx�y
. The average error ratio, which is the ratio of

the larger decay interval to the smaller among the predicted
and actual values, is 1.35 for

v+wFx�y
and ��� ��� for {�|(} - i.e.,{�|~} is off its optimal value by a factor that is greater than

the one for
v+wFxzy

. Further, the number of wrong choices
(of optimal decay interval) made by

v+w$x�y
prediction (7) is

lesser than that made by the {�| } method (8). It can also be
seen that except for apsi,

v+wFxzy
method is not off the optimal

value by more than a factor of two. Hence,
v+w$x�y

method is
more accurate when compared to {�| } method. This is ex-
pected because the heuristic estimate of delay plays a more
important role in {�|Z} metric than in the

vXwFx�y
metric.

5.3 Overall performance of the schemes

Here, we present the overall performance results of the
various schemes. Figure 3 shows the normalized leakage
energy savings and slowdown data for the various schemes.
In the graphs, ’esav-best’ is the omniscient individual-best
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q
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and (c) Percent slowdown for a typical benchmark -
gcc. Left bar indicates Actual values and right bar indicates Estimated values.
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Figure 3. (a) Normalized leakage energy savings and (c) Percent slowdown for the various decay
interval adaptation schemes. Left portion of the graph shows averages over all benchmarks while
the right portion shows averages over the ten ’extreme’ applications.

choice of decay interval. ’esav-pred’ is our
vXwFx�y

scheme.
’ed2-pred’ is a demonstrative scheme. It uses {�|�} estima-
tor to pick its decay interval. However, to reach the opti-
mal point with the {�|Z} scheme, we also need to find the
level of DVS setting to be applied. Here, we assume that
the optimal DVS setting is given apriori. This serves as
a ’potential study’ to help us understand the capability of
the {�| } scheme. The apriori DVS setting is chosen by
letting the tolerable performance degradation to be the one
seen by ’esav-pred’. The DVS setting scales the voltage in
such a way that the performance of ’ed2-pred’ is the same
as ’esav-pred’. However, due to quadratic energy savings,
this would be more energy efficient. ’esav-avg’ is constant
decay where we pick a single average-best decay interval
for all the benchmarks. We find that this average-best in-
terval is 4K cycles and use that for ’esav-avg’. ’amc’ is
Adaptive Mode Control and ’imc’ is Integral Miss Con-
troller. The setpoint for IMC was calculated offline from
the induced misses per cycle data for the average-best de-
cay interval. The average number of induced misses per
cycle across all benchmarks was 0.005, hence we used it
as the setpoint for the controller. The absence of adaptive
cache decay is conspicuous in the graphs. It is not included

in the graphs because adaptive decay selects overly agres-
sive decay intervals which lead to higher slowdowns when
compared to other schemes While the average slowdown
of other schemes is less than 1%, the average for adaptive
decay is 4%. This leads to its poor performance both in
terms of energy and delay. This behaviour is also reported
by Zhou et al in [19]. Our belief is that this problem arises
due to lack of sufficient hysteresis in the two-bit counters
to be able to filter out the noise in the access interval pat-
tern. Hence adaptive cache decay has been omitted from
the graphs above.

Each graph shows two portions. The left portion shows
averages over all SPEC2000 benchmarks. The right por-
tion shows averages only amongst those benchmarks whose
optimal decay interval is further from the average-best de-
cay interval. Since 4K is the average-best decay interval,
we chose to exclude benchmarks with 2K, 4K and 8K cy-
cles as their optimal points. This is done to throw light on
the adaptive behaviour of our technique. These ’extreme’
applications are the main motivation behind adaptive tech-
niques like ours. A good adaptive technique should perform
atleast as well as a non-adaptive scheme in the average case
and should perform much better in the extreme cases. Our
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scheme even does better - it performs slightly better in the
average case and performs much better in the extreme cases.
The extreme cases are shown separately to emphasize this
point.

From the energy savings graph, it can be seen that
v+wFxzy

technique performs almost as well as ’esav-best’. It per-
forms about 5.8% better than ’esav-avg’ in the average case
and about 14% better for the ’extreme’ applications. The
0.3% difference between ’esav-pred’ and ’esav-avg’ gets
bridged by using the {�| } analysis. However, this requires
an apriori knowledge of the voltage setting. From the slow-
down graph, it can be observed that the slowdown due to
these techniques is minimal. That is the reason why the{�|~} analysis doesn’t benefit ’esav-pred’ much. With very
little performance overhead, the optimal {�|(} point lies
close to optimal energy point itself.

It is interesting to note that dynamic adaptation schemes
do not perform as well as ’esav-pred’ or even ’esav-avg’.
The reasons for this, we believe, are two fold. One is the
difficulty in tuning their parameters and the other is the high
level of noise inherent to access interval patterns. The per-
formance factor (PF) of AMC and the setpoint for IMC are
such tough-to-tune parameters. They vary depending on the
application behaviour. This is where a profile-based scheme
like ours wins. Also, an offline scheme or a scheme that op-
erates at much coarser granularities (like program phases
etc.) filters out the noise through large scale averaging.

From the slowdown graph, one can observe that ’esav-
pred’ is better than ’esav-avg’ and other adaptive schemes
from a performance standpoint also - however, this differ-
ence is marginal - 0.5% at the maximum.

Hence, our profile-based scheme is robust in terms of
adaptation, performs reasonably well in the average case
and is much better for extreme applications.

6 Conclusion and future work

This paper introduced a profile-based adaptive scheme
for cache decay. The key insight behind this work is that
the most important variables determining the energy saved
in a decay mechanism can be estimated from profile data.
Decay interval chosen by the analysis of such profile data
matches the optimal decay interval with a reasonable degree
of accuracy. This makes such profile based schemes better
than the dynamic adaptive schemes and almost as good as
an omniscient choice of individual-best decay interval. The
profile-based technique achieved it adaptation target suc-
cessfully - it performed slightly better than the average-best
case for most benchmarks and much better than the average-
best case for the ’extreme’ applications.

Future work in this direction could explore many inter-
esting issues. The most important issue is that of cross-
training . An understanding and exploration of how well
this profile-based technique performs when the input sets
are substantially different is an area of possible further
work. Also, extension of this work to make the scheme dy-

namically adaptative by combining it with phase detection
is another interesting venue for future research. A detailed
sensitivity analysis on the constants (parameters) we have
used in this work to better understand their impact on the
leakage energy savings is an aspect that one might look at.
Moreover, application of this technique to the instruction
cache, lower level caches and other structures within the
CPU is also a possible direction for future work.
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