


ios that assume voltage scaling. While current transistor
technology allows scaling up to factors as high as 5 [32],
current processors typically use λ ∼ 2 and hence we
investigate both values as potential rate scaling limits.

Empirical measurements further reveal that the idle
mode power draw, pi, varies with operating frequency
in a manner similar to the active-mode power draw but
with lower absolute value[13]. Correspondingly, we
model the idle-mode power draw as:

pi(r) = C + βf(r) (3)

Intuitively, the parameter β represents the relative
magnitudes of routine work incurred even in the absence
of packets to the work incurred when actively processing
packets. While measurements from existing equipment
suggest values of β as high as 0.8 for network interface
cards [13] and router linecards [5], we would like to cap-
ture the potential for future energy-efficient equipment
and hence consider a wide range of β between [0.1, 0.9].

Energy savings from rate adaptation With the above
definitions of pa and pi, we can now evaluate the overall
energy savings due to rate adaptation. The total energy
consumption is now given by:

∑

rk

pa(rk)Ta(rk) + pi(rk)Ti(rk) (4)

Our evaluation in Section 4 yields the values of Ta(rk)
and Ti(rk) for different rk and test scenarios, while
Eqns. 2 and 3 allow us to model pa(rk) and pi(rk) for
different C, β and f(r). We first evaluate the energy
savings using rate adaptation under frequency scaling
(f(r) = O(r)) and DVS (f(r) = O(r3)). For these
tests, we set C and β to middle-of-the-range values
of 0.2 and 0.5 respectively; we examine the effect of
varying C and β in the next section.

Figure 13(a) plots the energy savings for our practical
(practRA) and optimal (link optRA) rate adaptation
algorithms assuming only frequency scaling. We see
that, in this case, the relative energy savings for the
different algorithms as well as the impact of the different
rate distributions is similar to our previous results (Fig. 9)
that measured savings in terms of the average reduction
in link rates. Overall, we see that significant savings are
possible even in the case of frequency scaling alone.

Figure 13(b) repeats the above test assuming voltage
scaling for two different values of λ, the maximum rate
scaling factor allowed by DVS. In this case, we see
that the use of DVS significantly changes the savings
curve – the more aggressive voltage scaling allows
for larger savings that can be maintained over a wide
range of utilizations. Moreover, we see that once again
the savings from our practical algorithm (practRA)
approach those from the optimal algorithm. Finally, as

expected, increasing the range of supported rates (λ)
results in additional energy savings.

Energy savings from sleeping To model the energy
savings with sleeping, we need to pin down the relative
magnitudes of the sleep mode power draw (ps) relative
to that when idle (pi). We do so by introducing a
parameter γ and set:

ps = γpi(rn) (5)

where 0.0 ≤ γ ≤ 1.0. While the value of γ will depend
on the hardware characteristics of the network element
in question, empirical data suggest that sleep mode
power is typically a very small fraction of the idle-mode
power consumption: ∼ 0.02 for network interfaces [13],
0.001 for RFM radios [11], 0.3 for PC cards [11] and
less than 0.1 for DRAM memory [8]. In our evaluation
we consider values of γ between 0 and 0.3.

With this, the energy consumption of an element that
spends time Ts in sleep is given by:

E = pa(rn)Ta + pi(rn)(Ti − Ts) + psTs. (6)

Our evaluation from Section 3 estimated Ts for
different scenarios. Figure 13(c) plots the corresponding
overall energy savings for different values of γ for our
practB&B algorithm. We assume a transition time
δ =1ms, and a buffering interval B=10ms. Again, our
results confirm that sleeping offers good overall energy
savings and that, as expected, energy savings are directly
proportional to γ.

5.2 Comparison: Sleep vs. Rate Adaptation

We now compare the savings from sleeping vs. rate
adaptation by varying the two defining axes of our
power model: C, the percentage of power that does not
scale with frequency, and β that determines the relative
magnitudes of idle to active power draws. We consider
two end-of-the-range values for each: C = 0.1 and
C = 0.3 and β = 0.1 and β = 0.8. Combining the
two gives us four test cases that span the spectrum of
hardware power profiles:

• C = 0.1 and β = 0.1: captures the case where the
static portion of power consumption (that cannot
be rate-scaled away) is low and idle-mode power is
significantly lower than active-mode power.

• C = 0.1 and β = 0.8: the static portion of power
consumption is low and idle-mode power is almost
comparable to active-mode power.

• C = 0.3 and β = 0.1: the static portion of power
consumption is high; idle-mode power is significantly
lower than that in active mode.

• C = 0.3 and β = 0.8: the static portion of power
consumption is high; idle-mode power is almost
comparable to active-mode power.
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Figure 13: Total Energy Saving with Sleeping and Rate Adaptation

We evaluate energy savings for each of the above
scenarios for the case where the hardware supports DVS
and when the hardware only supports frequency scaling.

With DVS: f(r) = O(r3) Figures 14 plots the overall
energy savings for practRA and practB&B for the
different test scenarios. These tests assume 10 uniformly
distributed rates and a sleep power ps = 0.1pi(rn).
In each case, for both sleep and rate-adaptation, we
consider hardware parameters that reflect the best and
worst case savings for the algorithm in question. For
practRA, these parameters are λ (the range for voltage
scaling) and δ (the transition time). For the best-case
results these are λ = 5 and δ = 0.1ms; for the worst
case: λ = 2, δ = 1ms. The parameter for practB&B
is the transition time δ which we set as δ = 0.1ms (best
case) and δ = 1ms (worst case).

The conclusion we draw from Figure 14 is that, in
each scenario there is a “boundary” utilization below
which sleeping offers greater savings, and above which
rate adaptation is preferable. Comparing across graphs,
we see that the boundary utilization depends primarily
on the values of C and β, and only secondarily on the
transition time and other hardware parameters of the
algorithm. For example, the boundary utilization for
C = 0.1 and β = 0.1 varies between approximately
5-11% while at C = 0.3, β = 0.8 this boundary
utilization lies between 4% and 27%. We also evaluated
savings under different traffic characteristics (CBR,
Pareto) and found that the burstiness of traffic has a
more secondary effect on the boundary utilization.

For further insight on what determines the boundary
utilization, we consider the scenario of a single idealized
link. The sleep-mode energy consumption of such an
idealized link can be viewed as:

Esleep = pa(rmax)µT + ps(1 − µ)T (7)

Similarly, the idealized link with rate adaptation is one
that runs with an average rate of µrmax for an energy
consumption of:

Erate = pa(µrmax)T (8)
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Figure 14: Comparison of energy savings between sleep
and rate adaptation. Support for dynamic voltage scaling.

Figure 15 represents the boundary utilization for this
idealized link as a function of C. In this idealized
scenario, the dominant parameter is C because the link
is never idle and therefore β has only a small, indirect
effect on ps. The gray zone in the figure represents the
spread in boundary utilization obtained by varying β
between 0.1 and 0.9.

With frequency scaling alone: f(r) = O(r) Fig-
ures 16 plots the overall energy savings for practRA
and practB&B for the different test scenarios in the
more pessimistic scenario where voltage scaling is not
supported. Due to lack of space, we only plot the com-
parison for the first two test scenarios where C = 0.1;
at C = 0.3, the savings show a similar scaling trend but
with significantly poorer performance for rate-adaptation
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and hence add little additional information.
The primary observation is that the savings from rate

adaptation are significantly lower than in the previous
case with DVS and, in this case, sleeping outperforms
rate adaptation more frequently. We also see that –
unlike the DVS case – network utilization impacts
energy savings in a similar manner for both sleeping and
rate-adaptation (i.e., the overall “slope” of the savings-
vs-utilization curves is similar with both sleeping and
rate-adaptation while they were dramatically different
with DVS – see Fig. 14).

Once again, we obtain insight on this by studying the
the highly simplified case of a single idealized link. For
this idealized scenario with f(r) = O(r), we find that
the boundary condition that determines whether to use
sleep or rate adaptation is in fact independent of network
utilization. Instead, one can show that sleep is superior
to rate-adaptation if the following inequality holds:

c >
γβ

1 − γ(1 − β)
(9)

Otherwise, rate adaptation is superior.
In practice, network utilization does play a role

(as our results clearly indicate) because the various
practical constraints due to delay bounds and transition
times prevent our algorithms from fully exploiting all
opportunities to sleep or change rates.

In summary, we find that both sleeping and rate-
adaptation are useful, with the tradeoff between them
depending primarily on the power profile of hardware ca-
pabilities and network utilization. Results such as those
presented here can guide operators in deciding how to
best run their networks. For example, an operator might
choose to run the network with rate adaptation during the
day and sleeping at night based on where the boundary
utilization intersects diurnal behavior, or identify com-
ponents of the network with consistently low (or high)
utilization to be run with sleeping (or rate-adaptation).

6 Related Work
There is a large body of work on power management in
contexts complementary to ours. This includes power
provisioning and load balancing in data centers[6, 9],
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Figure 16: Energy savings of sleep vs. rate adaptation,
β = 0.1, frequency scaling alone.

and OS techniques to extend battery lifetimes in
mobiles [10, 30].

Perhaps the first to draw attention to the problem
of saving overall energy in the network was an early
position paper by Gupta et al. [12]. They use data from
the US Department of Commerce to detail the growth
in network energy consumption and argue the case for
energy-saving network protocols, including the possi-
bility of wake-on-arrival in wired routers. In follow-on
work they evaluate the application of opportunistic
sleeping in a campus LAN environment [21, 11].

Other recent work looks at powering-down redundant
access points (APs) in enterprise wireless networks [17].
The authors propose that a central server collect AP
connectivity and utilization information to determine
which APs can be safely powered down. This approach
is less applicable to wired networks that exhibit much
less redundancy.

Sleeping has also been explored in the context of
802.11 to save client power, e.g., see [2]. The 802.11
standard itself includes two schemes (Power-Save Poll
and Automatic Power Save Delivery) by which access
points may buffer packets so that clients may sleep for
short intervals. In some sense, our proposal for bunching
traffic to improve sleep opportunities can be viewed as
extending this idea deep into the network.

Finally, the IEEE Energy Efficient Ethernet Task
Force has recently started to explore both sleeping and
rate adaptation for energy savings. Some initial studies
consider individual links and are based on synthetic
traffic and infinite buffers [4].

In the domain of sensor networks, there have been
numerous efforts to design energy efficient protocols.
Approaches investigated include putting nodes to sleep
using TDMA-like techniques to coordinate transmis-
sion and idle times (e.g., FPS [14]), and distributed
algorithms for sleeping (e.g.,S-MAC [28]). This context
differs from ours in many ways.
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7 Conclusion

We have argued that power management states that slow
down links and put components to sleep stand to save
much of the present energy expenditure of networks.
At a high-level, this is apparent from the facts that
while network energy consumption is growing networks
continue to operate at low average utilizations. We
present the design and evaluation of simple power man-
agement algorithms that exploit these states for energy
conservation and show that – with the right hardware
support – there is the potential for saving much energy
with a small and bounded impact on performance, e.g., a
few milliseconds of delay. We hope these preliminary
results will encourage the development of hardware
support for power saving as well as algorithms that use
them more effectively to realize greater savings.
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Notes
1In reality the energy savings using rate-adaptation will

depend on the distribution of operating rates over time and the
corresponding power consumption at each rate. For simplicity,
we initially use the average rate of operation as an indirect
measure of savings in Section 4 and then consider the complete
distribution of operating rates in Section 5 when we compute
energy savings.

NSDI ’08: 5th USENIX Symposium on Networked Systems Design and Implementation USENIX Association336




