
5.3 Load skewing

The principle of load skewing is exactly the opposite of
load balancing. Here new login requests are routed to
busy servers as long as the servers can handle them. The
goal is to maintain a small number of tail servers that
have small number of connections . When user login
requests ramp up, these servers will be used as reserve to
handle login increases and surge, and give time for new
servers to be turned on. When user login requests ramp
down, these servers can be slowly drained and shut down.
Since only tail servers are shut down, the number of SIDs
can be greatly reduced, and no artificial surge of re-login
requests or connection migrations will be created.

There are many possibilities to do load skewing. Here
we describe a very simple scheme. In addition to the hard
bound Nmax on the number of connections a server can
take, we specify a target number of connections Ntgt ,
which is slightly smaller than Nmax . When dispatching
new login requests, servers with loads that are smaller
than Ntgt and closest to Ntgt are given priority. Once a
server’s number of connections reaches Nt gt , it will not
be assigned new connections for a while, until it drops
again below Ntgt due to gradual user departures.

More specifically, let 0 < � < 1 be a give parame-
ter. At each time t , the dispatcher always distributes new
connections evenly (round-Robin) to a fraction � of all
the available servers. Let K (t) be the number of servers
available, it will choose the d�K (t)e servers in the fol-
lowing way. First, the dispatcher partitions the set of
servers f 1; 2; : : : ; K (t)g into two subsets:

I low (t) = f i j Ni (t) < N tgt g

I high (t) = f i j Ni (t) � Ntgt g

Then it chooses the top d�K (t)e servers (those with the
highest number of connections) in I low (t) . If the num-
ber of servers in I low (t) is less than d�K (t)e, the dis-
patcher has two choices. It can either distribute load
evenly only to servers in I low (t), or it can include the
bottom d�K (t)e � j I low (t)j servers in I high (t). In the
second case, the number Ntgt is set further away from
Nmax to avoid number of connections exceeding Nmax

(i.e., SNA errors) within a short time.
This algorithm will lead to a skewed load distribution

across the available servers. Most of the active servers
should have number of connections close to Ntgt , except
a small number of tail servers. Let the desired number of
tail servers be K tail . The dynamic factors for this algo-
rithm can be easily determined as


 dyn
L =

1
�

; 
 dyn
N = 1 +

K tail

mint Ntot (t)=Ntgt
: (7)

These factors can be substituted into equation (3) to cal-
culate the number of servers needed K (t), where it can

be combined with either hysteresis-based or forecast-
based server provisioning.

5.3.1 Reactive load skewing

The load skewing algorithm is especially suitable to re-
duce the number of SIDs when turning off servers. To
best utilize load skewing, we also develop a heuristic
called reactive load skewing (RLS). In particular, it is
a hysteresis rule to control the number of tail servers.
For this purpose, we need to specify another number
Ntail . Servers with number of connections less than
Nt ail are called tail servers. Let K t ail (t) be the num-
ber of tail servers, and K low < K high be two thresh-
olds. If K tail (t) < K low , then d(K high � K low )=2e �
K tail (t) servers are turned on. If K tail (t) > K high , then
K t ail (t) � K high servers are turned off. The tail servers
have very low active connections, so turning off one or
even several of them will not create artificial reconnec-
tion spike. This on-off policy is executed at the server
provisioning time scale, for example, every half an hour.

6 Evaluations

In this section, we compare the performance of differ-
ent provisioning and load dispatching algorithms through
simulations based on real traffic traces.

6.1 Experimental setup
We simulate a cluster of 60 connection servers with real
data traces of total connected users and login rates ob-
tained from production Messenger connection servers (as
described in Section 3.5). The data traces are scaled ac-
cordingly to fit on 60 servers; see Figure 2. These 60
servers are treated as one cluster with a single dispatcher.

The server power model is measured on an HP server
with two dual-core 2.88GHz Xeon processors and 4G
memory running Windows Server 2003. We approxi-
mate server power consumption (in Watts) as

P =
�

150 + 0:75� U; if active
3; if stand-by

(8)

where U is the CPU utilization percentage from 0 to 100
(see Figure 3). The CPU utilization is modeled using the
relationship derived in Section 3.5, in particular equa-
tion (1). CPU utilization is bounded within 5 to 100 per-
cent when the server is active.

The limits on connected users and login rate are set by
Messenger stress testing:

Nmax = 100; 000; L max = 70=sec:

Also through testing, the server’s wake-up delay, defined
as the duration from a message is sent to wake up the
server till the server successfully joins the cluster, is 2
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minutes. The draining speed, defined as the number of
users disconnected once a server decide to shut down, is
100 connections per second. This implies that it takes
about 15 minutes to drain a fully loaded server.

6.2 Forecast vs. hysteresis provisioning
We first compare the performance of no provisioning,
forecast-based and hysteresis-based provisioning, with a
common load balancing algorithm.

• No provisioning with load balancing (NB). NB
uses all the 60 servers. It implements the load bal-
ancing algorithm in Section 5.2 with α = 1.

• Forecast provisioning with load balancing (FB).
FB uses the load balancing algorithm in Section 5.2
with α = 1 and the load forecasting algorithm in
Section 4.3. The number of servers K(t) are calcu-
lated using equation (3) with the factors

γfrc
L = 1.12, γfrc

N = 1.02 from equation (4),

γdyn
L = 2, γdyn

N = 1.05 from equation (6).

In calculating γdyn
N , we used the estimation r = 0.9

obtained from historical data.

• Hysteresis provisioning with load balancing
(HB). HB uses the same load balancing algorithm,
but with the hysteresis-based provisioning method
in Section 4.1. In calculating K(t), it uses the same
dynamic factors as FB. There is no forecast factors
for HB. Instead, we tried three pairs of hysteresis
margins (γlow, γhigh):

(1.05, 1.10), (1.04, 1.08), (1.04, 1.06).

denoted as HB(5/10), HB(4/8) and HB(4/6).

The simulation results based on two days of real data
(Monday and Tuesday in Figure 2) are listed in Table 1.
The number of servers used are shown in Figure 7. These
results show that forecast-based provisioning leads to
slightly more energy savings than hysteresis-based pro-
visioning. With the hysteresis margins getting tight,
the difference in energy savings becomes even smaller.
However, this comes with a cost of service quality degra-
dation, as shown by the increased numbers of SNA errors
caused by smaller hysteresis margins.

Algorithm Energy (kWh) Saving SNA
NB (α = 1) 478 — 0
FB (α = 1) 331 30.8% 0
HB(5/10) 344 28.0% 0
HB(4/8) 341 28.6% 7,602
HB(4/6) 338 29.2% 512,531

Table 1: Comparison of provisioning methods. Energy
savings are reduced percentages with respect to NB.
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Figure 7: Number of servers used by FB and HB.

6.3 Load balancing vs. load skewing

In addition to energy saving, the number of SIDs is a
another important performance metric. We evaluate both
aspects on FB and the following algorithms:

• Forecast provisioning with load balancing and
Starving (FBS). FBS uses the same parameters as
FB, with the addition of a period of starving time
before turning off servers. We denote the starving
time by S. For example, S = 2 means starving for
two hours before turning off.

• Forecast provisioning with load skewing (FS). FS
uses the same forecast provisioning method as be-
fore, combined with the load skewing algorithm in
Section 5.3 with parameters ρ = 1/2 and Ntgt =
98, 000. Its associated dynamic factors are obtained
from Equation (7): γdyn

L = 2 and γdyn
N = 1.2,

where Ktail = 6 is used in calculating γdyn
N .

• Forecast provisioning with load skewing and
starving (FSS). FSS uses the same algorithms and
parameters as FS, with the addition of a starving
time S hours before turning off servers.

• Reactive load skewing (RLS). RLS uses the load
skewing algorithm with the same ρ and Ntgt as FS.
Instead of load forecasting, it uses the hysteresis on-
off scheme in Section 5.3.1 with parameters Ntail =
Nmax/10 = 10, 000, Klow = 2 and Khigh = 6.

Simulation results of some typical scenarios, labeled
as (a),(b),(c),(d),(e),(f), are shown in Table 2 and Fig-
ure 8. Comparing FBS with FB and FSS with FS, we
see that adding a two-hour starving time before turning
off servers leads to significant reduction in the number of
SIDs, and mild increase in energy consumption.

The results in Table 2 show a clear tradeoff between
energy consumption and number of SIDs. With the same
amount of starving time, load balancing uses less energy
but generates more SIDs, and load skewing uses more
energy but generates less SIDs. In particular, load skew-
ing without starving has less number of SIDs than load
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(a) Number of servers used by FB, FBS and RLS.
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(b) Number of servers used by FB, FS and FSS.

Figure 8: Number of servers by different algorithms.

balancing with starving for two hours. RLS with a rela-
tively small Ntail (say around 10, 000) has less number
of SIDs even without starving. To give a better perspec-
tive of the SID numbers, we note that the total number of
logins during these two days is over 100 millions (again,
this is the number scaled to 60 servers).

6.3.1 Load profiles

To give more insight into different algorithms, we show
their load profiles in Figure 9. Each vertical cut through
the figures represents the load distribution (sorted num-
ber of connections) across the 60 servers at a particular
time. For NB, all the loads are evenly distributed on the
60 servers, so each vertical cut has uniform load distri-
bution, and they vary together to follow the total load
pattern. Other algorithms use server provisioning to save
energy, so each vertical cut has a drop to zero at the num-
ber of servers they use. The contours of different number
of connections are plotted. The highest contour curves
show the numbers of servers used (those with nonzero
connections), cf. Figure 8.

For FB, the contour lines are very dense (sudden drop
to zero), especially when the total load is ramping down
and servers need to be turned off. This means servers
with almost full loads have to be turned off, which causes
lots of SIDs. Adding starving time makes the contour
lines of FBS sparser, which corresponds to reduced num-

Algorithms and Energy Saving Number
Parameters (kWh) of SIDs

(a) NB 478 — 0
(b) FB (α=1) 331 30.8% 3,711,680
(c) FBS (α=1, S=2) 343 28.2% 799,120
(d) FS (ρ=0.5) 367 23.3% 597,520
(e) FSS (ρ=0.5, S=2) 381 20.2% 115,360
(f) RLS (ρ=0.5, 375 21.5% 48,160

Ntail =10, 000)

Table 2: Comparison of load dispatching algorithms. All
algorithms in this table have zero SNA errors.

ber of SIDs. Load skewing algorithms (FS, FSS and
RLS) intentionally create tail servers, which makes the
contour lines much sparser. While they consume a bit
more energy, the number of SIDs are dramatically re-
duced by turning off only tail servers.

6.3.2 Energy-SID tradeoffs

To unveil the complete picture of the energy-SID trade-
offs, we did extensive simulation of different algorithms
by varying their key parameters.

Not all possible parameter variations give meaningful
results. For example, if we choose ρ too small for FSS
or RLS (e.g., ρ ≤ 0.4 for this particular data trace), sig-
nificant amount of SNA errors will occur because small
ρ limits the cluster’s capability of taking high login rates.
The number of SNA errors will also increase signifi-
cantly if we set Ntail ≥ 40, 000 in RLS. For fair com-
parison, all scenarios shown in Figure 10 give less than
1000 SNA errors (due to rare spikes in login rates).

For FBS, the three curves correspond to the param-
eters α = 0.2, 1.0, and 3.0. Each curve is generated
by varying the starving time S from 0 to 8 hours, evalu-
ated at every half-an-hour increment (labeled as crosses).
Within the figure, it only shows parts of the curves to al-
low better visualization of other curves. The right-most
crosses on each curve correspond to S = 2 hours, and
the number of SIDs decreases as S increases.

For FSS, the three curves correspond to the parameters
ρ = 0.4, 0.5, 0.9. Each curve is generated by varying the
starving time S from 0 to 5 hours, evaluated at every half
an hour (labeled as triangles). For example, scenario (d)
in Table 2 is the right-most symbol on the curve ρ = 0.5.
The plots for FBS and FSS show that the number of SIDs
roughly decreases by half for every hour of starving time
(every two symbols on the curves).

For RLS, the three curves correspond to the param-
eters ρ = 0.4, 0.5, and 0.6. Each curve is generated
by varying the threshold for tail servers Ntail from 1000
to 40, 000 (labeled as circles). The number of SIDs in-
creases as Ntail increases (the right-most circles are for

NSDI ’08: 5th USENIX Symposium on Networked Systems Design and Implementation USENIX Association348



 

 

0 8 16 24 32 40 48

10

20

30

40

50

60

100k

80k

60k

40k

20k

0k

Time (hours)

So
rt

ed
se

rv
er

in
de

x

(a) Load profile of NB (α = 1).
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(b) Load profile of FB (α = 1).
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(c) Load profile of FBS (α = 1, S = 2 hours).
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(d) Load profile of FS (ρ = 0.5).

 

 

0 8 16 24 32 40 48

10

20

30

40

50

60

100k

80k

60k

40k

20k

0k

Time (hours)

So
rt

ed
se

rv
er

in
de

x

(e) Load profile of FSS (ρ = 0.5, S = 2 hours).
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(f) Load profile of RLS (ρ = 0.5, Ntail = 10, 000).

Figure 9: Load profile of different server scheduling and load dispatching algorithms shown in Table 2.

Ntail=40, 000). Decreasing the threshold Ntail for RLS
is roughly equivalent to increasing starving time S for
FBS and FSS.

In Figure 10, points near the bottom-left corner have
the desired property of both low energy and low num-
ber of SIDs. In this perspective, FSS can be completely
dominated by both FBS and RLS if their parameters are
tuned appropriately. For FBS, it takes a much longer
starving time than FSS to reach the same number of
SIDs, but the energy consumption can be much less if the
value of α is chosen around 1.0. Between FBS and RLS,
they have their own sweet spots of operation. For this
particular data trace, FBS with α = 1 and 4 to 5 hours of
starving time give excellent energy-SID tradeoff.

7 Discussions

From the simulation results in Section 6, we see that
while load skewing algorithms generate small number of
SIDs when turning off servers, they also maintain unnec-
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Figure 10: Energy-SID tradeoff of different algorithms
with key arameters varied. The particular scenarios
(c),(d),(e),(f) listed in Table 2 are labeled with bold sym-
bols. The scenarios (a) and (b) are out of scope of this
figure, but their relative locations are pointed by arrows.
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essary tail servers when the load ramps up. So a hybrid
(switching) algorithm that employs load balancing when
load increases and load-skewing when load decreases
seems to be able to get the best energy-SID tradeoff. This
is what the FBS algorithm tries to do with a long starving
time, and its effectiveness is clearly seen in Figure 10. Of
course, there are regions in the energy-SID tradeoff plane
that favor RLS more than FBS. This indicates that there
are still room to improve by explicitly switching between
load balancing and load skewing, for example, when the
total number of connections reaches the peak and starts
to go down.

As mentioned in Section 3.4, SIDs can be handled
transparently by the client software so that they are un-
noticeable to users, and the servers can be scheduled to
drain slowly in order to avoid creating a surge of re-
connection requests. The transitions can also be done
through “controlled connection migration” (CCM) —
to migrate the TCP connection endpoint state without
breaking it. Depending on the implementation details,
CCM may also be a CPU- or networking-intensive activ-
ity. The number of CCMs could be a performance metric
similar to the number of SIDs, which we trade off with
energy saving. Depending on the cost of CCMs, they
might change the sweet spots on the energy-SID/CCM
tradeoff plane. If the cost is low, due to a perfect connec-
tion migration scheme, then we can be more aggressive
on energy saving. On the other hand, if the cost is high,
we have to be more conservative, as in dealing with SIDs.
We believe the analysis and algorithmic framework we
developed would still apply.

We end the discussions with some practical considera-
tions of implementing the dynamic provisioning strategy
at full scale. Implementing the core algorithms is rela-
tively straightforward. However, we need to add some
safeguarding outer loops to ensure they work in their
comfort zone. For example, if the load-forecasting al-
gorithm starts giving large prediction errors (e.g., when
there is not enough historical data to produce accurate
model for special periods such as holidays), we need to
switch to the more reactive hysteresis-based provision-
ing algorithm. To take the best advantage of both load
balancing and load skewing, we need a simple yet robust
mechanism to detect the up and down trends in the total
load pattern. On the hardware side, frequently turning on
and off servers may raise reliability concern. We want to
avoid always turning on and off the same machines. This
is where load prediction can help by looking ahead and
avoiding short term decisions. A better solution is to ro-
tate servers in and out of the active clusters deliberately.
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