




APPENDIX

A. CS POWER DOWN STRATEGIES
This section details some of the different power down strategies

for the CS approach. A CS power down strategy’s main goal is to
be simple and help maintain predictable response time degradation.
As [22] did not detail a power down strategy, we first detail our
observations of a purely random power down order.

A.1 Random Power Down
Consider powering down a cluster ofN nodes where a dataset

is triply replicated and a MapReduce workload is run. Suppose
utilization drops and the system responds by powering down the
cluster one node at a time. (Extension to power down by more
than one node in each step is straight-forward.) In this case, the
work at each remaining online node goes up at the rate ofN/(N −
i), in anN node system fori nodes that are powered down. The
actual response time will also go up at this rate, if the computational
complexity of the workload is linear.

However, randomly selecting non-CS nodes for powering down
can result in suboptimal performance, as explained below. To begin
this discussion, consider a distributed Grep workload on a 24 node
Hadoop cluster. (More details about the system setup and workload
can be found in Section 4.1.) In this case, the system has three racks
and each rack had 8 nodes. The CS set was set to the nodes in the
third rack. (Similar issues as those described below happen, if the
CS nodes are spread across the racks.)

Now, consider selecting nodes at random for powering down
from the two non-CS racks. Figure 7 shows the effect on response
time for the Grep workload as nodes are powered down. Also
plotted in this figure is the theoretical ideal response time curve
(N/(N − i)) for Grep. As can be seen from this figure, there is a
significant degradation in response time when the 9th node is pow-
ered down. The reason for this degradation is as follows: first,
recall that for each data block, HDFS keeps one replica on a node
on the same rack, and another replica on a node on another rack.
Second, because of the HDFS replication policy, a natural way to
produce a CS node set is to allocate an entire rack to the CS nodes
(in our 3 rack case). Third, Hadoop tries to schedule Map and Re-
duce jobs so that they work on the data that is local (called “data
local” tasks), but the Hadoop scheduler will assign tasks to work on
remote blocks if some nodes have no additional unprocessed local
blocks. These remote tasks incur additional overhead as they inter-
fere with the disk activity at the remote node (which is presumably
running a data local task), and incurs additional delays because of
the network activity. Fourth, as non-CS nodes are powered down,
the probability that nodes in the CS rack have the only copy of
the data increases. Finally, if by chance there is a disproportionate
number of nodes in one non-CS rack that are turned off, then the
chance that some node in the CS rack will end up with a dispro-
portionately larger number of single replica blocks increases. This
node will then be the bottleneck as some blocks on that node will
probably have to be fetched remotely by other nodes for process-
ing. In fact, this is precisely what happens in Figure 7 when the
9th node is powered down and the fraction of non-data local nodes
increases rapidly over the previous case when the 8th node was
turned off. Consequently, as can be seen in Figure 7, the response
time degrades rapidly when the 9th node is taken down.

Thus, simple random powering down has the drawback of result-
ing in surprising jumps in response time.

A.2 Load Balanced (LB) Power Down
The drawback of selecting a random node for powering down,

can be addressed by keeping a precise track of the load increase

that will result from powering down a node. The DFS file system
keeps metadata about the placement of each block and replica, and
this central metadata can be augmented to keep track of the nodes
that are being powered down.

Then, when the energy management module needs to power down
a node, it looks at the metadata and calculates the expected data lo-
cal node load for each node. For instance, if nodes A, B, and C
store the same data blockb, then the expected node load for all
three nodes because of blockb is 1/3. (In other words there is a
3 in 1 chance for each node to be asked to process this block.). If
node C is powered down, then blockb contributes a node load of
1/2 at each node A and node B. If A, B, and C store two blocks
(instead of one above), and C is powered down, then A and B have
a node load1 each.

The “load balanced” power down strategy is simple: In response
to a request to select a node for powering down, it iterates through
each node,d, in the system and computes for each remaining node,
u, the expected node load on the nodeu if noded is powered down.
A priority queue is maintained on themaximum expectednode load
measure, and the next node to power down is the node that has the
smallest maximum expected node load increase.

This load balanced power down method has some drawbacks, as
the computation of the load increase can be expensive, especially
for large clusters. Next, we present a simpler algorithm that also
produces balanced load, but requires less storage and computation.

A.3 Round – Robin Random (RRR)
Power Down

This scheme simply goes through the non-CS racks in a round
robin fashion and selects a random node (that is not powered down)
in each rack as the next “victim”. Thus, in the case above, where we
have two non-CS racks (see Appendix A.1) this strategy will first
select, at random, a node from the first non-CS rack for powering
down. In the next iteration, it will select a victim from the second
non-CS rack, and in a subsequent iteration it will return back to
the original first non-CS rack for victim selection, and so on. The
difference between this strategy and a purely random strategy is
that we do not allow any two physical racks to have their number
of powered down nodes to differ by more than one. In this way, we
minimize the number of single replica blocks that are created by
each node power down.

This scheme is simple and requires minimal overhead to oper-
ate. We only need to keep track of the round robin sequence of the
racks, and which rack needs to be examined next.

A.4 Comparing the Power Down Schemes
Figure 8 shows the corresponding behavior of the load balanced

(Appendix A.2) and the round-robin random (Appendix A.3) schemes
compared to the ideal behavior (as was shown in Figure 7).

Figure 8 shows two important points. First, the response time of
both the Round-Robin Random (RRR) and the Load Balanced (LB)
schemes match the theoretical ideal case. Second, in this case both
the RRR and LB methods have nearly identical response time. The
simplicity of the RRR method (see Appendix A.3), implies that it
is a better method for use with the Covering Set technique.

We have analyzed these three schemes for a 24 node Terasort
workload. Unlike Grep, the Terasort workload has anO(NlnN)
computational complexity. Figure 9 shows similar Terasort results
as in Figure 8. That is, RRR and LB provide similar response time
degradation and very closely follow the idealO(NlnN).

As we have seen here, the computational complexity models are
good for modeling CS response time degradation. Further, we will
need these response time models for modeling CS energy consump-
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Figure 7: An example of load imbalance with a bad power down order on a MapReduce cluster
using a CS data placement. A Grep workload was run on a 24 node cluster with a CS of 8 nodes.
Ideally as i nodes are powered down in anN node cluster, the amount of work at each node
increases by a factor ofN/(N − i).
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Figure 8: 77GB Grep workload response time on a24 node cluster asi nodes are powered
down. A comparison of the effects of the RRR and Greedy power down strategy and the ideal
O(N) degradation.

tion. This is discussed in Section 4.4 and Appendix B.

B. MODELING VALIDATION
Modeling AIS is simple. AIS only has two different operating

modes: performance modein which the entire cluster is always
powered up andenergy savings modein which the cluster is pow-
ered off until it needs to be powered up to fulfill a job request, and
then powered back down. Thus, the response time modeling of the
energy savings mode simply requires adding the times associated
with each of these components. Furthermore, energy consumption
modeling can be similarly defined to be the sum of the performance
mode energy consumption, and the cost to power up and down the
cluster nodes.

CS on the other hand, is more complex in its modeling of re-
sponse time and energy consumption. We have already presented
results showing that the computational complexity of the workloads
can be used to accurately model the response time degradation of
CS as more nodes are powered down (Appendix A.4).

If we recall Equation 1 from Section 2, the workload energy
consumption isEw = (P n

w + P n̄
w)Tw, which considers the power

drawn by both the online and offline nodes during the actual work-
load execution. The effect of CS powering down nodes is that the
idle energy shrinks, and eventually reduces to zero. As CS pow-
ers down more nodes, (P n

w ) decreases while (P n̄
w ) increases. Using

Equation 1, we can model the energy consumption of the workload
under CS when we substituteTw with the workload complexity

models just described. Any transitioning and idle costs are straight-
forward to include as we just add them to the workload cost. For
simplicity, we do not include them in our modeled analysis of CS.

Figure 10 shows a comparison of the observed and modeled en-
ergy consumption of the Grep and Terasort workloads using the
workload energy consumption(P n

w + P n̄
w)Tw from Equation 1.

For this figure, we used the power data shown in Table 2, along
with using O(N) and O(NlnN) complexities to model the response
times of Grep and Terasort respectively. The results shown in Fig-
ure 10 demonstrate that the models are quite accurate in predicting
the energy consumption of CS: an average error of 1% and 4% for
Grep and Terasort jobs respectively.

C. THROUGHPUT – SENSITIVE
WORKLOADS

In this section we discuss empirical results showing the abilities
of CS and AIS to handle a throughput-sensitive MapReduce cluster.
Here we are trading throughput for energy efficiency instead of the
response time/energy efficiency trade-offs, as in Section 4.

For AIS, the method that we employ is the batching method de-
scribed in Section 3.3. AIS keeps the MR cluster powered down
while jobs are batching [19, 38]. When enough MR jobs are col-
lected, AIS powers up the cluster and submits all the jobs. The job
collection, or batching delay, effectively degrades throughput.

In contrast, CS runs the jobs as they arrive but can process them
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Figure 9: 77GB Terasort workload response time on a24 node cluster asi nodes are powered
down. A comparison of the effects of the RRR and Greedy power down strategy and the ideal
O(NlnN) degradation.
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Figure 10: Comparing the observed and modeled energy consumption of the Grep and Tera-
sort workloads for CS. The average error is 1% and 4% for the Grep and Terasort models
respectively.

with some MR cluster nodes powered down. However, as fewer
nodes are available for the job, this also lowers throughput.

Our throughput workload mimics that of [22] whereby sort and
scan jobs are injected into the MR cluster. We use the same Tera-
sort and Grep jobs of Section 4 whereby each job runs on a 77GB
dataset.

We evaluate a heterogeneous job workload consisting of four sort
and four scan jobs, randomly ordered and individually submitted
to the 24 node cluster in 850 second intervals. Recall from Sec-
tion 4.2, that the Grep job can run in about 300 seconds and the
Terasort job can run in 850 seconds.

Given this normal operating environment, the cluster throughput
is essentially eight jobs in 6800 seconds with an energy cost of
20.5MJ. Now, suppose we have a tolerable throughput degradation
of 3% which means we can accept eight jobs in 7000 seconds.

Using CS, we can power down nodes, degrading throughput, and
potentially saving energy. We found that if CS powers down 3/24
nodes, then its throughput degrades to 6984 seconds. Given this
throughput, CS with 21 nodes powered up, consumes 18.8MJ of
energy for this eight job workload.

Now using AIS, if we delay jobs such that we can then sub-
mit two jobs in a batch to the system at a time, then our mea-
sured throughput for eight jobs is 6962 seconds (which includes
all batching time). With this throughput, AIS will power down all
the nodes while batching jobs and power the entire cluster up to
execute the batch. The measured energy consumption for AIS is
13.9MJ (which includes all transitioning costs). Therefore, for this
heterogeneous job workload, AIS saves 26% of CS’ energy con-
sumption when both have equal throughput rates.
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