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idealized and in-practice absolute models. The median relative error increases by only 1%. Still, small
differences can be observed in Figure , where the average median relative error is shown for various
training /testing splits. In general, as with FitnessDirect, the most accurate predictions occur when a

workload is characterized on the same array for which a prediction is being made.

FitnessFS and FitnessCache

FitnessFS and FitnessCache are also affected only slightly by changing workloads. Again, this is due
to the fact that the best predictors of performance for these workloads are the read I/O characteristics,
which only change slightly across the disk arrays for these workloads. Specifically, the best performance
predictors for FitnessFS are the write fraction, followed by the read queue depth and the read random-
ness. For FitnessCache, they are the read randomness, followed by the read queue depth and the read
request size.

In the cumulative error distributions in Figure , very little difference can be seen between the
idealized and in-practice absolute models. The difference in median relative error is less than 3% for
both of these workloads. One can see these small differences in the error-versus-training graphs in
Figure . In nearly all cases, due to the magnifying effect of the figure, the idealized absolute models

are distinguishable from the absolute models and are more accurate.

Postmark

With Postmark, the best predictors are the write characteristics. The write fraction is the best overall
predictor, followed by the write request size. However, neither of these characteristics experience much
change across arrays. Therefore, the error introduced by changing workloads is also small for Postmark,
though more evident than the error for FitnessFS and FitnessCache.

In the cumulative error distributions in Figure , one can see the difference between the idealized
and in-practice absolute models for the throughput and latency predictions. However, the difference in
median relative error between the idealized and in-practice absolute models is still less than 3% for all
performance metrics . These differences can be seen in the error-versus-training graphs in Figure .
In all cases, the idealized absolute models are distinguishable from the in-practice models and are more

accurate.

Cello

The effects of changing workloads on the Cello predictions are much more pronounced, particularly for
the latency predictions. The median relative error of the latency predictions increase from 11 to 17%; the
changes in bandwidth and throughput are minor. The differences can be seen in the error distributions
graphs in Figure and the error-versus-training graphs in Figure .

As can be seen in the throughput graph in Figure , the idealized absolute model actually does
worse than the in-practice model, after training on 45% and 60% of the samples. Such inconsistencies in
the results appear now and again. In general, regression trees can be sensitive to the amount of training
data and may therefore experience sudden fluctuations in accuracy. Often, the fluctuations are shared
across all models after training on some number of samples. However, there are cases where only some

of the models experience a sudden change in accuracy.
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Overall Bandwidth Throughput Latency

Predictor Score Predictor Score Predictor Score Predictor Score

Read queue 1.00 Read queue 1.00 Read queue 1.00 Write fraction 1.00
Write fraction | 0.72 Read jump 0.70 Read jump 0.66 Read queue 0.72

Read jump 0.56 Read size 0.54 Write size 0.50 Write queue 0.39
Read size 0.40 Write size 0.51 Read size 0.46 Read jump 0.24
Write size 0.37 Write fraction | 0.49 Write queue 0.24 Read size 0.16
Write queue 0.37 Write queue 0.30 Write jump 0.21 Write size 0.09

Write jump 0.19 Write jump 0.29 Write fraction | 0.19 Write jump 0.05

Table 7.7: The normalized importance measure of each predictor for the absolute models.

For Cello, the best latency predictors are the write fraction and the read queue depth. However,
as shown in Section E, these workload characteristics experience change across the arrays. To cite a
specific example, due to changes in the write request sizes, the write fraction of sample #67 decreases
from 44% to 37% when moving from Array D to Array B. Consequently, an incorrect path is taken in
the tree. Figure shows the latency model for Array B. If one inputs the write fraction as measured
by Array D (0.44) into this model, the predicted latency is 58.7 ms. However, when inputing the write
fraction as measured by Array B (0.37), the predicted latency is 46.8 ms. The actual latency for sample
#67 on Array B is 49.61 ms. Therefore, the idealized absolute model has a relative error of 6% versus
an error of 18% for the in-practice model. This is one specific example of how a relatively small change
in the workload characteristics can lead to an increase in prediction error. Overall, the most accurate
Cello predictions occur when the workload characteristics are obtained from the same array for which

the prediction is being made.

TPC-C

Of all the workloads, the TPC-C latency predictions are affected the most by changing workloads. The best
predictors of TPC-C latency are the write queue depth and the write fraction, and both show considerable
change across disk arrays. Recalling from Table @, the average write queue depth changes by 132%
between Array B (31 outstanding) and Array C (13 outstanding), and the write fraction changes by 50%
between Array C (16% writes) and Array D (24%). Consequently, the median relative error increases
from 11% to 23%. The differences can be seen in the error distribution graphs in Figure and the
error-versus-training graphs in Figure . Although the bandwidth and throughput prediction errors
only increase slightly, the error-versus-training graphs distinguish the in-practice and idealized absolute
models, and the idealized model is more accurate across all training/testing splits for each performance

metric.

7.6.2 Best predictors

Table Iﬂ summarizes the best overall predictors for bandwidth, throughput, and latency. The val-
ues shown represent averages over all of the absolute models. The best predictors for bandwidth and
throughput are the read characteristics, specifically the read queue depth and read randomness. For

latency, however, the best predictors are the write fraction and the read and write queue depths.
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Application Per-application | Mixed-model
FitnessDirect 0.28 0.25
FitnessBuffered 0.21 0.19
FitnessFS 0.16 0.17
FitnessCache 0.40 0.31
Postmark 0.08 0.09
Cello 0.15 0.18
TPC-C 0.10 0.12

Table 7.8: Per-application versus mixed model median relative error for the in-practice absolute models.

7.6.3 Mixed models

Mixed models are built using 50% of all application samples. Three models are built for each disk array
(bandwidth, throughput, and latency). In general, the trees are much larger for the mixed models. This is
because the applications, combined, cover a wider range of workload characteristics and performance than
any one application alone. In practice, such mixed models should be expected, rather than per-application
models.

As an example of a resulting tree, Figure contains the regression tree for Array B, with no
additional pruning for readability. There are a total of 76 leaf nodes (rules) for predicting the bandwidth
of Array B. When compared to the tree depths of the per-applications models, the mixed models contain
a much more complex set of rules. Indeed, they attempt to learn the performance characteristics of an
array, rather than just the performance of a given application. To test that such complex models do not
introduce additional error, the mixed models are evaluated using the same set of testing samples used to
test the per-application models.

Figure graphs the error of the mixed models. One can see the effects of changing workload
characteristics by comparing the idealized absolute model against the in-practice absolute model. This
result is consistent with the per-application models just presented.

Table E compares the median relative errors directly. As shown in the table, the per-application and
mixed models are within 3% of one another for all workloads, with the exception of FitnessCache (a 9%
difference). In some cases, prediction error increases slightly when using a mixed model, and in others
it actually improves. This is because additional training data, even though it may come from different
workloads, can provide useful information to CART when learning the performance characteristics of an

array.

7.6.4 Summary

The amount by which changing workload characteristics increases the prediction error of an absolute
model was measured across a variety of workloads and disk arrays. Overall, predictions are more accurate
when the workload characteristics are obtained from the same disk array for which the prediction is being

made. In support of Hypothesis 2, Experiment 2 is summarized as follows:

Result 2 Changing workload characteristics can increase the prediction error of an absolute model.
When compared to an idealized absolute model (i = j), an in-practice absolute model (i # j) can in-
crease the median relative error by over a factor of two (the FitnessDirect latency error increases from
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34 % for the idealized array pairing D — D to 77% for the pairing A — D; and the TPC-C latency error in-
creases from 11% for C — C to 46% for B — C). Owver all array pairings, the bandwidth prediction error
increase up to 3% (FitnessDirect increases from 21% to 24%), throughput up to 8% (FitnessDirect
increases from 23% to 26%), and latency up to 12% (TPC-C increases from 11% to 23%).

In general, the bandwidth and throughput predictions are not affected by changing workloads as much
as the latency predictions are. This is due to the fact that their best predictors (read characteristics) are,
as shown in Experiment 1, the least likely to change across arrays. For latency, however, the write queue
depth can be a leading source of information, and this workload characteristic experiences significant
change across arrays. It is also interesting to note that the write randomness, although it experiences
significant change across arrays, is not a leading source of information. This is an example of a workload

characteristic that changes but has little effect on prediction accuracy.
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Figure 7.16: Relative error CDF's .
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Figure 7.17: Error vs. training set size. The training set size varies from 25% of the collected samples
to 75%; the remaining samples are used for testing. For each training set size, an error metric (median
relative error) is calculated for each pairing of arrays. These metrics are then averaged across all pairings
to produce the values shown.
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Figure 7.18: Absolute latency models for FitnessDirect.
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Figure 7.20: Absolute bandwidth model of Array B (WorkloadMix).
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Figure 7.21: Median relative error: Experiment 2 (mixed models). The graphs show the median relative
error of each application, comparing the idealized absolute model, title “AM (i=j),” with the absolute
model (AM). Also shown are the average median relative errors of the applications for each performance

metric.
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7.7 Experiment 3: relative models

Experiment 1 confirmed that performance differences among the disk arrays can lead to changes in
workload characteristics, and Experiment 2 confirmed that changes in workload characteristics can lead
to increases in the prediction error of an absolute model. Hypothesis 3 asserts that one can reduce this
error by modeling an array 7 relative to the workload characteristics of another array j.

To test Hypothesis 3, relative models are built for each array pairing and performance metric. Each
model implements Equation @, where only the workload characteristics of array j are used to predict
performance of array i. There are 16 pairings and 3 metrics, for a total of 48 relative models. Although
a relative model where ¢ = j is simply an absolute model, these models are presented separately in many
of the appendix tables for improved readability. It also serves as sanity-check that the relative models
and absolute models have trained and tested over the same set of samples (i.e., the prediction errors for
the absolute and relative model should be identical when i = j).

As described in Chapter 57 the only differences between an absolute and relative model are the
workload characteristics used during training. When learning the performance of array i, an absolute
model is trained with workload characteristics as measured by array i, and a relative model is trained with
those measured by a different array j. Summarizing from Section (Table E), these characteristics
include the write fraction, write request size, read request size, write randomness, read randomness, write
queue depth, and read queue depth. The predicted variable is the same for the absolute and relative
model (i.e., the bandwidth, throughput, or latency of array ).

Just as in Experiment 2, 50% of the workload samples are used for model testing. This involves
inputing the workload characteristics of the sample as measured on array j into the relative performance
models of array ¢, for all pairings j — ¢. The prediction accuracies are then compared against the idealized
and in-practice absolute models presented in the previous section. The goal of the relative model is to
reduce the prediction error of the in-practice absolute model or, stated differently, to match the prediction
error of the idealized absolute model. If there is no change in workload characteristics for a pairing j — ¢,

then a relative model is, in effect, equivalent to an absolute model (same input and same output).

7.7.1 Per-application models

Relative models can reduce the error caused by changing workload characteristics.

FitnessDirect

Figure contains the relative latency models of Array A for FitnessDirect. Also shown is the absolute
latency model for Array D. In taking a closer looking at the relative performance model D — A, one can
see many similarities in the internal node structure with the absolute model of Array D. Again, the goal
of the relative model is to learn the performance of Array A relative to the workload characteristics as
measured by Array D. Therefore, it may be the case that the relative and absolute models choose the
same characteristic and in some cases the same splitting value.

For example, the absolute latency model of Array D and the relative model D — A both proceed
down the right half of the tree, if the write queue depth (as measured by Array D) is greater than 6.8.

Naturally, if the models use the same workload characteristics (those of Array D in this case) to separate
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Figure 7.22: Relative latency models for FitnessDirect.

training samples into leaf nodes, then similar (or identical) values can be chosen for the splits. However,
because a regression tree is constructed such that the error in the leaf nodes is minimized, different
splitting values may be chosen, or different splits altogether, as the leaf nodes contain different values
(e.g., the leaf nodes of the D — A model contain performance values for Array A and those for D — D
contain performance values for Array D).

These models, illustrated, further clarify why changes in workload characteristics are a non-issue for a
relative model. Because a relative model of array i is trained using the workload characteristics observed
by array j, an incorrect path cannot be taken in the tree due to changes in workload characteristics
between arrays j and ¢ — because the workload characteristics of array ¢ are not even used by the
relative model.

Figure plots the median relative error of the relative models for FitnessDirect. Also shown
are the median relative errors for the idealized and in-practice absolute models from Experiment 2. In
general, one first sees error increasing (due to changing workload characteristics) then decreasing (due
to the use of a relative model). For FitnessDirect, the largest reduction in error is for the latency
predictions, from 34% to 25%; the same increasing/decreasing effect can be seen for bandwidth and
throughput, although not as pronounced.

Figure (top row) plots the cumulative distribution functions of relative error. These are the same
CDF graphs as in Experiment 2, but with the relative models added for comparison. In the latency
graph, one can see that the distribution of error for the relative model (now the darkest line) is nearly
identical to that of the idealized absolute model. The same is true for the bandwidth and throughput
CDFs, though more difficult to see.

As with Experiment 2, the differences among the models are more easily seen in the error-versus-
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Figure 7.23: Median relative error (per-application models). The graphs show the median relative error
of each application, comparing the idealized absolute model, title “AM (i=j),” with the absolute model
(AM) and the relative model (RM). Also shown are the average median relative errors of the applications
for each performance metric.

training graphs. Figure (top row) plots the same graphs as in Experiment 2, with the relative
models (darkest line) added for comparison. As can be seen, the relative model and idealized absolute

model track each other well. This is especially evident in the latency graph.

Of course, the improvement to be had by using a relative model (one that only uses workload charac-
teristics) is limited by the extent to which workload characteristics change between two arrays. Therefore,
the predictions that suffered the most in Experiment 2, due to changing workloads, will be those that
stand to benefit the most from the use of a relative model. In the case of FitnessDirect, these are the
latency predictions. As an example, recall from the previous section that the in-practice absolute models
experience the greatest error for Array A, either when using the characteristics of Array A to predict the
performance of another array or when predicting the performance of Array A using the characteristics of

one of the other arrays.

Specifically, when compared to the median relative error of the idealized absolute model of Array A
(18%), the in-practice predictions increase error substantially: B — A is 27%, C — A is 30%, and D — A
is 27%. Things are even worse when using characteristics from Array A to predict for the other arrays:
A — Bis 44%, A — C is 58% and A — D is 77%. Collectively, the average median relative error of
the latency predictions involving Array A is 44%. However, when relative models are used to make these
predictions, the average median relative error is reduced to 22%. Therefore, although the median relative
error over all pairings is reduced from 34% to 25% (as shown in Figure )7 when looking at individual

pairings, the differences can be even greater.
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FitnessBuffered

As shown in Experiment 2, the FitnessBuffered predictions are only affected slightly by changing
workload characteristics. Therefore, the cumulative distribution function of the idealized absolute models,
in-practice absolute models and relative models are, for the most part, indistinguishable, as shown in
Figure . Still, one can see differences in the error-versus-training graphs in Figure . In most of
the training/testing splits, the idealized absolute models and relative models perform similarly and are
more accurate than the in-practice absolute models.

Just as with FitnessDirect, one sees a literal reversing of the effects of changing workloads. For
bandwidth, the median relative error increases from 17% to 19% due to changing workloads, and then
decreases to 18% when using a relative model. For throughput, the median relative error of all three
models is the same (20%). For the latency predictions, the median relative error of the idealized absolute
models is 23%, increasing to 25% for the in-practice models, and decreasing back to 23% for the relative

models.

FitnessFS

Similarly to FitnessBuffered, one sees only slight differences across the models for FitnessFS. The
median relative error of the idealized absolute models, in-practice absolute models, and relative models
are within 2% of one another. Again, this result is consistent with that of Experiment 2, as the best
predictors for this workload exhibit the least change across disk arrays. As such, only minor improvements
are to be gained by using a relative model that only uses workload characteristics. As can be seen in the

cumulative distribution functions in Figure [.24, the models have nearly identical distributions.

FitnessCache

The effect of the relative models on the FitnessCache predictions is similarly small. Prediction error
increases by less than 3% due to changing workloads. For all performance metrics, the difference in
median relative error among the idealized absolute models, in-practice absolute models, and relative
models is within 5%. As further illustrated in the cumulative distributions functions in Figure and
the error-versus-training graphs in Figure , there is very little difference among the models.

Postmark

Although the differences are small, as shown in Figure , Postmark is another good example of a case
where the relative model eliminates the error due to changing workloads characteristics, albeit only 1%,
and produces the same accuracy as the idealized absolute model. Such is the case for the bandwidth
and throughput predictions. The significance is not so much the reduction in error, but rather that the
relative model is not expected to exceed, but simply match the accuracy of the idealized absolute model.

Further, Postmark illustrates a case where different training/testing splits result in greater differences
among the models, as can be seen in the error-versus-training graphs in Figure . In particular, the
average median relative error of the in-practice latency models is approximately 18% when training on
25% of the samples and testing on the remaining 75%, versus an error of 11% for the idealized and relative

models.
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Cello

Recall from Experiment 2 that the Cello latency predictions are affected by changing workloads (median
relative error increases from 11% to 17%). Given this, one would expect a commensurate decrease in
error when using a relative model. Unfortunately, this is not the case with Cello.

Cello represents a workload where a relative model cannot cope with the changing workloads and
match the accuracy of the idealized absolute model. As can be seen in the cumulative distribution of
latency error in Figure , the distribution of error for the relative models is more similar to that of
the in-practice absolute models. The same is true for the error-versus-training graph in Figure .

Fortunately, a relative model has the option of using potentially more valuable (and less volatile)
performance characteristics in place of workload characteristics. As will be shown in Experiment 4, it is
not until performance is added to the relative models of Cello that one can exceed the accuracy of the

in-practice absolute models.

TPC-C

Recall from Experiment 2 that the TPC-C latency predictions incur the largest error due to changing
workloads. In particular, changes in the read/write ratio and write queue depth lead to a 12% increase
in median relative error, from 11% to 23%. The relative model is able to eliminate most of this error.

As shown in Figure 7 the relative models reduce error by 10%, thereby yielding an accuracy within
2% of the idealized absolute model. This effect is illustrated in the cumulative distribution of error in
Figure , as well as the error-versus-training graphs in Figure .

Like FitnessDirect, the improvements in relative error for TPC-C are more pronounced for specific
array pairings. For example, the median relative error of the B — (' latency predictions, using an
absolute model, is 46%, compared to 11% for C — C. However, when using a relative model, the error
of B — C is reduced to 17%. The Array D latency predictions also suffer considerably from changing
workloads: D — D is 12%, but C — D is 25%, B — D is 36% and A — D is 35%. Collectively, their

average median relative error is 32%. However, relative models reduce this average to 11%.

7.7.2 Best predictors

Table E contains the best predictors of performance for the relative models. They are primarily the same
as those of the absolute models (Table m), the importance measure of each workload characteristic may
vary slightly. In particular, the best predictors of bandwidth and throughput are the read characteristics

(queue depth and randomness), and the best predictors of latency are the read and write queue depths.

7.7.3 Mixed models

The average median relative errors of the mixed models are within 3% of the per-application models.
As can be seen in Figure , the relative models, overall, produce the lowest average median relative
error for the throughput and latency predictions; the absolute models and relative models tie for the
bandwidth predictions. In 12 of the 21 cases (i.e., there are 7 bandwidth graphs, 7 throughput graphs,
and 7 latency graphs in Figure ), the relative models reduce error over the absolute models, by up to

5%. In 8 of the cases, the absolute models produce less error, but only up to 3%. In one case (FitnessFS
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Overall Bandwidth Throughput Latency
Predictor Score Predictor Score Predictor Score Predictor Score
Read queue 1.00 Read queue 1.00 Read queue 1.00 Write fraction 1.00

Write fraction | 0.65 Read jump 0.72 Read jump 0.67 Read queue 0.88

Read jump 0.57 Read size 0.52 Write size 0.47 Write queue 0.48
Read size 0.42 Write fraction | 0.52 Read size 0.46 Read jump 0.32
Write size 0.39 Write size 0.48 Write queue 0.28 Read size 0.28
Write queue 0.37 Write jump 0.34 Write fraction | 0.22 Write size 0.23

Write jump 0.24 Write queue 0.27 Write jump 0.20 Write jump 0.16

Table 7.9: The normalized importance measure of each predictor for the relative models.

latency), they tie. This result confirms that the benefits of relative models can also be seen with models

that are trained with a mix of different workloads.

7.7.4 Summary

The amount by which relative models reduce the prediction error caused by changing workloads was
measured across a variety of workloads and disk arrays. Overall, predictions are more accurate when the
performance of array ¢ (the workload target) is modeled relative to the workload characteristics of array

j (the workload origin). In support of Hypothesis 3, Experiment 3 is summarized as follows:

Result 3 When compared to an absolute model, a relative model can decrease the median relative error by
over half (the FitnessDirect latency prediction error decreases from 77% to 29% for the pairing A — D,
and TPC-C decreases from 46% to 17% for B — C). Ower all pairings, the bandwidth prediction error
decreases up to 1% (FitnessDirect decreases from 24% to 23%), throughput up to 4% (FitnessDirect
decreases from 26% to 22%), and latency up to 10% (TPC-C decreases from 23% to 13%).

It is no coincidence that the above result is almost an exact complement of Experiment 2. Recall
that in Experiment 2, FitnessDirect and TPC-C are the workloads where prediction accuracy suffers the

most from changing workloads. They are also the workloads that benefit the most from a relative model.
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The training set size varies from 25% of the collected samples
to 75%; the remaining samples are used for testing. For each training set size, an error metric (median
relative error) is calculated for each pairing of arrays. These metrics are then averaged across all pairings
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Figure 7.26: Median relative error (mixed models). The graphs show the median relative error of each
application, comparing the idealized absolute model, titled “AM (i=j),” with the absolute model (AM),
and the relative model (RM). Also shown are the average median relative errors of the applications for
each performance metric.
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7.8 Experiment 4: relative performance models

Experiments 1 through 3 established that changing workload characteristics can increase the prediction
error of an absolute model and that this error can often be reduced, or eliminated, by using a relative
model. The goal of Experiment 4 is to extend a relative model with performance observations, thereby
creating a relative performance model (Equation . As described in Section @, a relative performance
model uses the observed workload characteristics and performance metrics from array j to predict the
performance of array i.

The test of Hypothesis 4 is similar to that of Hypothesis 3: two relative models (i — j and j — 1)
are built for each array pairing and performance metric. Summarizing from Section (Table ,
the workload characteristics are the same as those of used by the absolute and relative models, including
the write fraction, write request size, read request size, write randomness, read randomness, write queue
depth, and read queue depth. The additional predictor variables (Table @) include the bandwidth,
throughput, and latency of array j, with latency further described by the write latency and read latency.

Just as in Experiments 2 and 3, each of the workload samples reserved for testing is used to measure
the accuracy of the relative performance models. For each performance metric, two predictions are made
for every array pairing (i — j and j — 4). This involves inputing the workload characteristics and
performance of the sample as measured on array j into the relative performance model for array j to 4,
and vice versa. The prediction errors are then compared against the relative models to see the incremental

benefit of using the observed performance of one array to predict the performance of another.

7.8.1 Per-application models

Observed performance is a good predictor of future performance.

FitnessDirect

The best predictor of performance for FitnessDirect is, in fact, the observed performance of another
array. Figure contains the relative performance models for latency. Also shown is the absolute model
of Array A from Experiment 3. One notices that the latency of array j is the strongest predictor of the
latency of array i. Intuitively, this stands to reason. Rather than attempt to learn how queue depths,
request sizes, and spatial randomness influence I/O latency, a model can simply observe the latency of
array j and translate this into a latency of another array .

Table shows the normalized importance measure for each attribute, across all array pairings.
In general, the best predictor of the bandwidth of array 7 is the bandwidth of array j. Similarly, the
best predictor of throughput is throughput, and the best predictor of latency is latency. Also note
that the second and third best predictors are often performance metrics. In other words, the natural
(mathematical) connection among bandwidth, throughput and latency is automatically discovered by
CART. However, workload characteristics (e.g., read queue depth) are still found to be valuable. So,
rather than discard them, the best solution is to allow a model to determine which combinations of
performance and workload characteristics for array j are most correlated with the performance of array

1.
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Figure 7.27: Relative performance models of the latency of Array A (FitnessDirect).

These strong correlations with performance can lead to lower prediction error. When comparing the
relative performance models to the relative models, one sees further reductions in error. Figure plots
the median relative error for all applications. One can see that, in nearly all cases, the relative performance
models are more accurate than the relative models. For FitnessDirect, the median relative error of
the bandwidth predictions is reduced from 23% to 19% and the latency predictions from 25% to 20%;
throughput remains the same (22%). These differences can be seen in the cumulative error distributions
in Figure as well as the error-versus-training graphs in Figure . In these graphs, the darkest line

is that of the relative performance model.

FitnessBuffered

The improvements for FitnessBuffered are even more pronounced than those of FitnessDirect. The
median relative error of the bandwidth predictions decreases from 18% to 14%, throughput from 20% to
15%, and latency from 23% to 16%. These differences can be seen in the cumulative error distributions
in Figure as well as the error-versus-training graphs in Figure . Of all the applications, the
FitnessBuffered graphs are the most salient in terms of error reduction from the relative performance
models.

The strongest (top 3) bandwidth predictors for FitnessBuffered are the bandwidth, followed by
the read randomness, and then the read latency. For throughput, they are the throughput, the read
queue depth, and the read randomness. For latency, they are the latency, the read/write ratio and the
bandwidth. Unlike FitnessDirect, the models of FitnessBuffered make greater use of the workload

characteristics. Still, the strongest predictors are the performance metrics.
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Relative performance model

Overall Bandwidth Throughput Latency
Predictor Score Predictor Score Predictor Score Predictor Score
Latency 1.00 Bandwidth 1.00 Throughput 1.00 Latency 1.00
Bandwidth 0.83 Latency 0.24 Bandwidth 0.26 Write latency | 0.16
Throughput 0.59 Write fraction | 0.15 Latency 0.11 Read latency 0.16

Read queue 0.19 Write jump 0.12 Read queue 0.11 Bandwidth 0.10
Read latency 0.17 Throughput 0.11 Write queue 0.08 Read queue 0.09

Write fraction | 0.17 Read size 0.10 Write size 0.05 Write queue 0.08
Write latency 0.16 Read queue 0.10 Write fraction | 0.05 Read jump 0.08
Write queue 0.16 Read jump 0.09 Read size 0.05 Write fraction | 0.06
Read jump 0.14 Write queue 0.09 Write jump 0.04 Read size 0.05
Read size 0.13 Read latency 0.08 Read jump 0.04 Write size 0.02
Write jump 0.11 Write size 0.05 Write latency | 0.02 Write jump 0.02

Write size 0.07 Write latency 0.04 Read latency 0.01 Throughput 0.01

Table 7.10: The normalized importance measure of each predictor.

FitnessFS

One can see similarly large reductions in median relative error for FitnessFS. When compared to the rela-
tive model, the relative performance model reduces bandwidth prediction error from 16% to 11%, through-
put from 14% to 11%, and latency from 16% to 14%. As with FitnessDirect and FitnessBuffered, the
distributions of error for the relative performance models are distinguished from the relative and absolute
models in Figure . The same is true in the error-versus-training graphs in Figure .

The top predictors of performance for FitnessFS are the performance metrics (bandwidth is the best
predictor of bandwidth, etc.). However, the second and third best predictors are workload characteristics.
For bandwidth, they are the read queue depth and read randomness. For throughput, they are the write
size and read queue depth. For latency, they are the read/write ratio and the read randomness. In
this regard, FitnessFS is a good example of how useful workload characteristics are, even when the top

predictors are performance metrics.

FitnessCache

The FitnessCache workload exhibits the largest reduction in median relative error, particularly for the
bandwidth predictions, where error is reduced from 70% to 47%. Throughput experiences no change
(36%) and latency only a small reduction, from 18% to 17%. One can see the reduction in bandwidth
error in the error distributions graphs in Figure and in the error-versus-training graphs in Figure

Upon a closer inspection of the regression trees, it is found that the relative performance models of
bandwidth are able to create more homogeneous leaf nodes, by splitting on the bandwidth metric. For
example, the C' — A relative performance model predicts 71.3 MB/sec for FitnessCache sample #64,
and the leaf used to make this prediction has a mean absolute deviation of 9.4 MB/sec. That is, the
training samples mapping to the leaf node have a median value of 71.3 (the prediction) with a mean
absolute deviation of 9.4 from their average value. The actual performance of sample #64 on Array A is
79.3 MB/sec, for a relative error of 10%.

In contrast, the relative models that only use workload characteristics can have less homogeneous
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Figure 7.28: Median relative error: Experiment 4 (per-application models). The graphs show the median
relative error of each application, comparing the idealized absolute model, title “AM (i=j),” with the
absolute model (AM), the relative model (RM), and the relative performance model (RM’). Also shown
are the average median relative errors of the applications for each performance metric.

leaf nodes. For sample #64, the relative bandwidth model for C — A predicts 46.9 MB/sec, with a
mean absolute deviation of 17.0 MB/sec. The relative error of the prediction is 41%. Had the relative
model had additional workload characteristics to better separate the samples, it may have created a more
homogeneous leaf node, resulting in a more accurate prediction. In effect, a performance characteristic

is really just a different type of workload characteristic, just one that is specific to a given array.

Also, it is interesting to note that the relative performance models can trivially distinguish the
FitnessCache workloads that have a high cache hit rate from those that do not. The only work-
load characteristic that somewhat reflects this behavior is the read randomness. However, what is really
needed is a more direct measure of locality, and this is exactly what the performance metrics provide.
For FitnessCache, high bandwidth equates to “in cache” and low bandwidth to “out of cache.” As such,
even without a direct measure of spatial locality, the relative performance model can easily separate the

workloads with different cache behavior.

Postmark

The median relative error of the Postmark predictions is already very small, even for the in-practice
absolute models. As such, further reduction in relative error is going to be difficult. In the case of the
relative performance models, bandwidth remains unchanged (7%) as does throughput (6%). The latency
error increases slightly from 9% to 10%. The similarity of all the performance models can be seen in the
cumulative distribution functions (Figure and error-versus-training graphs (Figure [.30).
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Cello

Cello is a bit more interesting. The median relative error of the bandwidth predictions decreases from
20% to 15%, throughput from 11% to 9%, and latency from 19% to 17%. The reduction in bandwidth
prediction error can be seen in the error-versus-training graphs. In particular, notice how the relative
performance models for bandwidth continue to improve as the training samples are increased. When
training on 75% of the samples, the relative performance models have an average median relative error
less than 14%, compared to an error greater than 20% for the in-practice absolute and relative models. In
this case, the performance metrics enable the relative model to learn at a faster rate than the models that
only use workload characteristics. Indeed, testing error decreases for the relative performance model, as

more training samples are added. For the other models, testing error increases.

TPC-C

Similarly to Postmark, the prediction error for TPC-C is already low for the relative model. Therefore,
further improvements are limited. Bandwidth error remains the same at 7%, as does throughput. Latency
error also remains unchanged at 13%. The cumulative distribution functions (Figure [[.29) and error-
versus-training graphs (Figure ) illustrate.

7.8.2 Best predictors

Overall, the best predictors of the relative performance models are, in fact, the observed performance
of other arrays. Table shows the normalized importance measure for each attribute. As can be
seen in the table, the best overall performance predictors are the bandwidth, latency, and throughput.
Specifically, bandwidth is the best predictor of bandwidth, throughput is the best predictor of throughput,
and latency is the best predictor for latency.

Still, workload characteristics are found to be valuable. Overall, the read characteristics are found to
have more information than the write characteristics. Given the ability of disk arrays to optimize write
requests (write-back caching, request coalescing, etc.), it is intuitive that the write I/O characteristics

influence performance much less than those of reads.

7.8.3 Mixed models

The accuracies of the mixed models are consistent with those of the per-application models. As can be
seen in Figure , the relative performance models, overall, produce the lowest average median relative
error for the bandwidth, throughput, and latency predictions. In all but one case (TPC-C bandwidth,
which experiences a 1% increase in error), the relative performance models are as good or better than
the relative models. This confirms that a single relative performance model can accurately predict the

performance of a disk array when the model is trained over a variety of application types.

7.8.4 Summary

Relative performance models were constructed to measure the benefits of using performance observations

to predict performance. Predictions are more accurate when the performance of array i (the workload
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Overall Bandwidth Throughput Latency
Predictor Score Predictor Score Predictor Score Predictor Score
Latency 1.00 Bandwidth 1.00 Throughput 1.00 Latency 1.00
Bandwidth 0.92 Read jump 0.16 Read queue 0.22 Write fraction | 0.13
Throughput 0.79 Write fraction | 0.14 Read size 0.15 Bandwidth 0.11
Read queue 0.32 Read queue 0.13 Write size 0.13 Read queue 0.09
Read jump 0.28 Latency 0.11 Read jump 0.13 Read jump 0.08
Write fraction | 0.26 Write size 0.10 Bandwidth 0.11 Read latency 0.08
Read size 0.22 Read latency 0.09 Latency 0.11 Write latency 0.08
Write size 0.21 Read size 0.07 Write fraction | 0.07 Read size 0.08
Read latency 0.15 Throughput 0.07 Write queue 0.05 Write queue 0.06
Write queue 0.12 Write jump 0.06 Write jump 0.03 Throughput 0.06
Write jump 0.10 Write queue 0.04 Read latency 0.02 Write size 0.05
Write latency 0.09 Write latency 0.02 Write latency 0.02 Write jump 0.04

Table 7.11: The normalized importance measure of each predictor for the relative performance models.

target) is modeled relative to the workload characteristics and the performance of a different array j (the

workload origin). In support of Hypothesis 4, Experiment 4 is summarized as follows:

Result 4 When compared to a relative model that only uses workload characteristics, a relative perfor-
mance model can reduce the median relative error of the bandwidth predictions up to 23% (FitnessDirect
is reduced from 70% to 47%), throughput up to 5% (FitnessBuffered is reduced from 20% to 15%), and
latency up to 7% (FitnessBuffered is reduced from 23% to 16%). Moreover, it is found that the best
predictors of performance are performance observations. Specifically, the best predictor of the bandwidth
of array i is that of another array j; the same is true for throughput and latency.
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Figure 7.29: Relative error CDFs.
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Figure 7.30: Error vs. training set size. The training set size varies from 25% of the collected samples

to 75%; the remaining samples are used for testing. For each training set size, an error metric (median
relative error) is calculated for each pairing of arrays. These metrics are then averaged across all pairings
to produce the values shown.
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Figure 7.31: Median relative error: Experiment 4 (mixed models). The graphs show the median relative
error of each application, comparing the idealized absolute model, titled “AM (i=j),” with the absolute
model (AM), the relative model (RM), and the relative performance model (RM’). Also shown are the
average median relative errors of the applications for each performance metric.
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7.9 Experiment 5: relative fitness models

Experiments 1 through 4 established that changing workload characteristics can increase the prediction
error of an absolute model, that this error can often be reduced by using a relative model, and that
performance can be used to predict performance. The goal of this last experiment is to show that
performance ratios, or relative fitness values, are better predictors than performance values. As described
in Section @7 a relative fitness model uses the observed workload characteristics and performance of array

j to predict a performance ratio for array .

The test of Hypothesis 5 is the same as that for Hypotheses 3 and 4: two relative fitness models (i — j
and j — i) are built for each array pairing and performance metric. Summarizing from Section
(Table E), the workload characteristics are the same as those used by the relative and relative perfor-
mance models. These include the write fraction, write request size, read request size, write randomness,
read randomness, write queue depth, and read queue depth. The performance metrics include the the
bandwidth, throughput, and latency of array j, with latency further described by the write latency and

read latency.

Just as in Experiments 3 and 4, each of the workload samples reserved for testing is used to measure
the accuracy of the relative fitness models. For each performance metric, two predictions are made
for every array pairing (¢ — j and j — i) for each test sample. This involves inputing the workload
characteristics and performance of the sample as measured on array j into the j — i relative fitness
model, and then multiplying the predicted performance ratio by the performance of array j in order to

predict the performance of array ¢, and vice versa.

The prediction accuracies are first compared against the relative performance models, to show the
incremental benefit of using performance ratios. Then, they are compared back to the absolute models,
to show the cumulative benefits of 1) relative modeling, 2) using performance to predict performance,

and 3) predicting performance ratios instead of performance values.

7.9.1 Per-application models

Performance ratios are better predictors than performance values.

FitnessDirect

Figure plots the median relative error for the relative fitness models. When compared to the relative
performance models, the median relative error of the bandwidth predictions for FitnessDirect decreases
from 19% to 14%, throughput from 22% to 14%, and latency from 20% to 14%. The incremental benefit
of predicting the relative fitness values can be seen in the error distributions in Figure (darkest line),
as well as the error-versus training graphs in Figure . In the error-versus-training graphs, one can
also see that the relative fitness predictions experience fewer fluctuations in accuracy when compared
to the other models. When compared back to the absolute models, the bandwidth prediction error is
reduced from 24% to 14%, throughput from 26% to 14%, and latency from 34% to 14%.
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Figure 7.32: Median relative error: Experiment 5 (per-application models). The graphs show the median
relative error of each application, comparing the idealized absolute model, title “AM (i=j),” with the
absolute model (AM), the relative model (RM), the relative performance model (RM’), and the rela-
tive fitness model (RF). Also shown are the average median relative errors of the applications for each
performance metric.

FitnessBuffered

When compared to the relative performance models, the bandwidth prediction error of FitnessBuffered
decreases from 14% to 10%, throughput from 15% to 10%, and latency from 16% to 13%. When compared
to the absolute models, bandwidth prediction error is reduced from 19% to 10%, throughput from 20%
to 10%, and latency from 25% to 13%. That is, median relative error is reduced by roughly half.

Figure illustrates these differences. For all performance metrics, the relative fitness models

produce the least error. These differences can be seen in the error-versus-training graphs in Figure

FitnessFS

When compared to the relative performance models, bandwidth and throughput prediction errors both
decrease from 11% to 9%, and latency from 14% to 12%. When compared to the absolute models,
bandwidth prediction error decreases from 17% to 9%, throughput from 15% to 9%, and latency from
17% to 12%.

As shown in the error distributions in Figure , the relative fitness models produce the least error.
Further, across various training/testing splits, Figure illustrates how the relative fitness models can
reduce error by more than half. For example, when training on only 25% of the samples, the average
median relative error of the relative fitness models is still less than 10%, compared to the absolute models

with an error greater than 20%.
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FitnessCache

The largest improvements are seen for FitnessCache. When compared to the relative performance
models, bandwidth prediction error decreases from 47% to 14%. This represents the largest incremental
reduction in error from of any of the models (over a factor of three). Further, throughput prediction error
decreases from 36% to 13% (nearly a factor of three), and latency from 17% to 14%.

When compared back to the absolute models, the gains are even more pronounced. Bandwidth
prediction error decreases from 67% to 14% (nearly a factor of 5), throughput from 36% to 13%, and
latency from 20% to 14%.

The error distributions in Figure and the error-versus-training graph in Figure also show

the benefits of the relative fitness models for FitnessCache.

Postmark

Despite the already low prediction error for Postmark, when compared to the relative performance models,
the relative fitness models decrease bandwidth prediction error by 2%, from 7% to 5%. Throughput
prediction error increases by 1%, from 6% to 7%, and latency decreases by 1%, from 10% to 9%.
Overall, the differences in median relative error across all the models are minor. Bandwidth predic-
tions are within 3%, throughput predictions within 1%, and latency predictions with 1%. Nonetheless,
Figure shows that the relative fitness models improve the error distribution over the absolute models.

Cello

When compared to the relative performance models, bandwidth prediction error decreases from 15% to
13%, and throughput remains unchanged (9%). These small improvements can be seen in the error CDFs
in Figure . Latency prediction error, however, increases by 3%, from 17% to 20%. When compared
to the absolute models, bandwidth prediction error is reduced from 20% to 13% and throughput from
10% to 9%. Latency prediction error, however, still experiences the same 3% increase, from 17% to 20%.

The Cello latency predictions represent the only case where none of the relative models (relative,
relative performance, or relative fitness) are able to achieve the accuracy of the idealized absolute model.
As shown in Figure 7 the idealized model has the best error distribution for latency.

For bandwidth and throughput, however, one can see the improvements of relative fitness in the error-
versus-training graphs in Figure . Also, the bandwidth graph in Figure is another good example

of how the error of the relative fitness models can fluctuate much less than the other models.

TPC-C

When compared to the relative performance models, TPC-C sees a slight increase in median relative error
for each of the performance metrics. Bandwidth prediction error increases from 7% to 9%, throughput
from 7% to 8%, and latency from 13% to 16%. As such, TPC-C is the only application in this evaluation
where relative fitness modeling does not show a benefit over relative performance modeling, for any of
the performance predictions.

When compared to the absolute models, one sees the same small increases in error for bandwidth

and throughput. Latency prediction error, however, is reduced from 23% to 16%. For TPC-C, the only



Overall Bandwidth Throughput Latency

Predictor Score Predictor Score Predictor Score Predictor Score
Latency 1.00 Bandwidth 1.00 Write fraction | 1.00 Latency 1.00
Write fraction | 0.92 Write fraction | 0.99 Bandwidth 0.98 Write fraction | 0.70
Bandwidth 0.89 Latency 0.91 Latency 0.92 Bandwidth 0.64
Read latency 0.61 Read jump 0.85 Read latency 0.85 Throughput 0.45
Read jump 0.61 Read queue 0.82 Read jump 0.77 Read size 0.43

Read queue 0.60 Read latency 0.74 Throughput 0.64 Write jump 0.37
Throughput 0.60 Throughput 0.66 Read queue 0.60 Read queue 0.37

Read size 0.45 Read size 0.46 Read size 0.40 Read latency 0.26
Write size 0.33 Write size 0.41 Write size 0.36 Read jump 0.24
Write queue 0.32 Write queue 0.40 Write queue 0.34 Write size 0.22

Write jump 0.28 Write latency 0.23 Write latency 0.30 Write latency 0.21
Write latency 0.25 Write jump 0.17 Write jump 0.22 Write queue 0.21

Table 7.12: The normalized importance measure of each predictor for the relative fitness models.

performance metric showing any substantial change in prediction error across all the models is latency.
As shown in Figure , the error distributions of the models are nearly indistinguishable for bandwidth
and throughput. But, for latency, one can see the benefits of relative fitness modeling. Further, the

error-versus-training graphs in Figure illustrate how the largest errors occur for the absolute models.

7.9.2 Best predictors

As with the relative performance models, the best predictors of the relative fitness models are the per-
formance metrics. Table shows the normalized importance measure for each attribute. As can be
seen in the table, the best overall performance predictors are the bandwidth, latency, and throughput.

The next best are the read characteristics, and the least useful are the write characteristics.

7.9.3 Mixed models

The mixed model prediction errors are within 2% of the per-application models. As shown in Figure
the relative fitness models are the best predictors, overall. In all but a few cases (Postmark throughput,
Cello latency, and TPC-C), the relative fitness models reduce median relative error when compared to the
relative performance models. In all but one case (TPC-C latency), the relative fitness models improve

upon the absolute models.

Model complexity

Relative fitness models can substantially reduce prediction error, and often do so with much simpler
models. Indeed, as per Occam’s Razor, perhaps this is why they tend to be more accurate. Table
contains the tree complexity for all of the mixed models. Each number represents the number of leaf
nodes (or prediction rules) for a particular regression tree. Averages are also shown.

The relative fitness models are generally smaller. For example, the relative fitness latency model
(B — A) has 20 leaf nodes, compared to 59 leaf nodes for the absolute model of Array A. In other words,
the absolute model requires nearly three times as many rules to model the same disk array. As illustrated

in Figure [[.36, performance ratios can be easier to model.
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Model Bandwidth | Throughput | Latency | Average
Absolute 78.8 69.2 75.5 74.5
Relative 85.6 55.2 65.5 68.8
Relative Performance 71.9 64.3 66.8 67.7
Relative Fitness 58.2 52.6 62.8 57.9
Pairwise
Absolute | ArrayA | ArrayB | ArrayC | ArrayD
ArrayA 68.7 - - -
ArrayB - 86.0 - -
ArrayC - - 61.7 -
ArrayD - - - 81.7
Relative Fitness | ArrayA | ArrayB | ArrayC | ArrayD
ArrayA 1 64.0 65.7 48.3
ArrayB 30.3 1 52.3 67.0
ArrayC 81.7 78.7 1 72.0
ArrayD 43.7 56.3 34.3 1
Bandwidth Throughput Latency
Absolute A B C D A B C D A B C D
ArrayA 83.0 - - - 64.0 - - - 59.0 - - -
ArrayB - 76.0 - - - 88.0 - - - 94.0 - -
ArrayC - - 66.0 - - - 43.0 - - - 76.0 -
ArrayD - - - 90.0 - - - 82.0 - - - 73.0
Bandwidth Throughput Latency
Relative Fitness | A B C D A B C D A B C D
ArrayA 1 92.0 | 98.0 | 25.0 1 62.0 | 54.0 | 54.0 1 38.0 | 45.0 | 66.0
ArrayB 32.0 1 34.0 | 73.0 | 39.0 1 34.0 | 26.0 | 20.0 1 89.0 | 102.0
ArrayC 85.0 | 43.0 1 60.0 | 74.0 | 95.0 1 58.0 | 86.0 | 98.0 1 98.0
ArrayD 55.0 | 56.0 | 46.0 1 36.0 | 76.0 | 23.0 1 40.0 | 37.0 | 34.0 1

Table 7.13: Tree sizes (leaf nodes) and their averages.

Consider an extreme case where one array is always half as fast as another, regardless of the workload.
Then, only one relative fitness value (0.5) is necessary to model the performance of the slow array relative
to the faster one. In fact, the diagonal in Table for the relative fitness models shows the size of a
tree when an array is compared with itself (i.e., each model has one leaf node with a ratio of 1.0).

In practice, relative fitness models must learn different relative fitness values, depending on the work-
load. In the worst case, each workload type will have a different relative fitness value, and a relative
fitness model may learn a rule for each. However, it is often the case that different workloads share
the same relative fitness value, thereby resulting in much smaller trees. When averaged over all trees in
this evaluation, the relative fitness models, when compared to the absolute models, are 26% smaller for

bandwidth, 25% smaller for throughput, and 20% smaller for latency.

7.9.4 Summary

Relative fitness models were constructed to measure the benefits of predicting performance ratios rather

than performance values. In support of Hypothesis 5, Experiment 5 can be summarized as follows:
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Result 5 The best predictors of the relative fitness models are the performance observations, followed by
the read characteristics, and then the write characteristics. When compared to the relative performance
models, the relative fitness models can reduce the median relative error of the bandwidth predictions up
to 33% (FitnessCache is reduced from 47% to 14%), throughput up to 23% (FitnessCache is reduced
from 86% to 13%), and latency up to 6% (FitnessDirect is reduced from 20% to 14%). When compared
to the absolute models, bandwidth error is decreased up to 53% (FitnessCache is reduced from 67%
to 14%), throughput up to 25% (FitnessCache is reduced from 36% to 13%), and latency up to 20%
(FitnessDirect is reduced from 34% to 14%). Overall all applications, the relative fitness models reduce
the average median relative bandwidth prediction error from 23% to 11%, throughput from 17% to 10%,
and latency from 21% to 14%.
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Figure 7.33: Relative error CDFs.
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Figure 7.34: Error vs. training set size.
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The training set size varies from 25% of the collected samples
to 75%; the remaining samples are used for testing. For each training set size, an error metric (median
relative error) is calculated for each pairing of arrays. These metrics are then averaged across all pairings
to produce the values shown.
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Figure 7.35: Median relative error: Experiment 5 (mixed models). The graphs show the median relative
error of each application, comparing the idealized absolute model, titled “AM (i=j),” with the absolute
model (AM), the relative model (RM), the relative performance model (RM’), and the relative fitness
model (RF). Also shown are the average median relative errors of the applications for each performance
metric.
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Figure 7.36: The absolute latency model of Array A for WorkloadMix (top) versus the relative fitness
model for Array B — A (bottom). These are the actual models with no additional pruning for readability.

The absolute model has 59 leaf nodes (or predict

ions rules) versus 20 rules for the relative fitness model.

In other words, the relative fitness model learns the latency of Array A, relative to Array B, with
approximately one third as many rules as that required by the absolute model.
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Chapter 8

Summary and future work

Storage management is an expensive component of data center administration. Automated storage
management could help reduce costs by offloading many time-consuming and error-prone tasks. One
such task is storage system design. Numerous optimization-based methods have been explored, many of
which require fast and accurate performance predictions. Conventionally, absolute performance models
have been used to make these predictions. However, researchers have wrestled with a necessary ingredient
of such models (workload characterization) for more than three decades.

The fundamental challenge with workload characterization is compressing an I/O workload into a con-
cise set of workload characteristics without losing performance-affecting information. A second challenge
imposed by absolute models is the requirement that the characteristics be absolute. However, as shown
by Experiment 2, a variety of workload characteristics can change due to the closed-loop interactions
between an operating system and a storage system. Also, an additional challenge for black-box models
is achieving sufficient coverage over the space of workload characteristics so that training workloads can
accurately predict the performance of new workloads. Relative fitness models are designed to help address
each of these challenges.

First, the closed-loop relationship between an operating system and storage system can be learned by
modeling storage systems relative to one another, thereby reducing the prediction error due to changing
workload characteristics. This dissertation’s results show that the write characteristics are more likely
to change than the read characteristics (Experiment 1), that these changes increase the prediction error
of an absolute model (Experiment 2), and that a relative model can significantly reduce this prediction
error (Experiment 3). For example, the median relative error of the TPC-C latency predictions for the
array pairing B — C' increased from 11% to 46% due to changing characteristics, and a relative model
reduced this error to 17%.

Second, the dependence on workload characteristics can be reduced by also using performance obser-
vations. For the relative performance models (Experiment 4), it was shown that a workload’s observed
bandwidth on one storage system is the best predictor of its bandwidth on another storage system, as
well as for throughput and latency, and that training a model to use observed performance can reduce
prediction error. For example, the relative performance model reduced the median relative error of the
FitnessBuffered latency predictions (over all array pairings) from 23% to 16%.

Third, one can reduce the amount of required training data for a statistical, black-box performance
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model by predicting performance ratios (relative fitness values) rather than performance itself. It was
shown that relative fitness models (Experiment 5) require less training data for an equivalent, or better,
level of prediction accuracy, when compared to absolute, relative, and relative performance models. For
example, when compared to a relative performance model, the median relative bandwidth prediction
error for FitnessCache was reduced from 67% to 14%.

Over all predictions in this study, when compared to the absolute models, the relative fitness models
reduced the median relative bandwidth prediction error from 23% to 11%, throughput from 17% to 10%,
and latency from 21% to 14%. This result supports the thesis statement that one can improve the

prediction accuracy of statistical, black-box models by modeling storage systems relative to one another.

8.1 Future work

Additional research is required to quantify the benefits of relative fitness modeling with respect to reducing
storage management costs. This would include integrating relative fitness models into an optimization
framework for automated storage system design. And, there are many other interesting areas of future
work, including the use of workload interference models, resource utilization, domain knowledge, cost
functions, collaborative filtering techniques, machine learning models (other than CART), and active
learning. Each of these is described below.

First, storage consolidation may require that multiple workloads share the same storage system, so the
effect of resource contention among multiple I/O streams is important to model. Appendix [Bl introduces
the potential for predicting whether workloads will interfere with one another, but much more work is
required in this area.

Resource utilization is an area not explicitly explored in this work, as this would have required
modifying the storage systems (e.g., to retrieve cache statistics). However, a workload’s observed resource
utilization could provide additional information to the relative fitness models.

The models presented in this dissertation are black-box and require no knowledge of a storage system’s
internals. However, domain knowledge may produce more accurate grey-box models. Examples of domain
knowledge include a description of a storage system’s hardware/software platform (e.g., cache size, cache
eviction algorithms, number of disk drives), its configuration (e.g., the RAID level), and its expected
performance behavior for various workload types.

One could explore the risk/reward trade-off when making predictions. Although relative fitness models
have the ability to make a prediction for any workload, the confidence of any such prediction can vary
considerably (e.g., 95% versus 75%). Such confidence levels could be consulted when deciding whether
to move application data from one storage system to another. In some cases, the cost of a misprediction
may be too high.

By using multiple relative fitness models, techniques based on collaborative filtering could further
improve prediction accuracy. Such a scenario is possible when a workload has been observed by more
than one storage system. Rather than use a single model, one could explore ways of combining the
predictions of multiple models.

This dissertation presented relative fitness modeling in the context of CART, but any number of

machine learning algorithms could be used. For example, an early follow-on to this work (A. Zheng, M.
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Mesnier, and C. Faloutsos) indicates that relative fitness models based on nearest neighbor algorithms
produce lower relative error than equivalent models based on CART.

Finally, a large cost of black-box modeling is the time required to obtain representative training data.
In this work, a synthetic workload generator was used to randomly sample (uniformly) the large space of
possible workloads, but doing so required many hours of workload generation. Such sampling does not
base future samples on the performance of past samples. However, more active approaches to sample
collection could potentially reduce the amount of required training time, by more intelligently selecting
training samples. Moreover, as described in Section @, the performance of real, truly representative,
workloads — as they are introduced into the data center — could be used as additional training data if the
models fail to accurately predict their performance. Using the same modeling techniques presented in
this work, the characteristics and performance of such workloads could be used to construct new models.
One could also explore machine learning techniques that would weigh real workloads more heavily than

synthetic workloads.
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Appendix A

Open Storage Toolkit

The software used in this dissertation is based on the 2002 iISCSI/OSD open source release from Intel.

The original code was extended with support for workload characterization and synthetic I/O generation

(Fitness). All code has been re-released as Intel’s Open Storage Toolkit.

This appendix contains the Fitness command-line arguments and scripts used to generate the workload

samples, based on version 2.0.18 of the Open Storage Toolkit.

A.1 Fitness usage

Usage: fitness [options]
-—file <file>
—--no_create
--allow_sparse
—--device <device>
—-mount <dir>
—--direct
--config <file>
--tid <num>
--lun <num>
--samples <samples>
--skip <skip>
--iters <iters>
--seed <seed>
—--flush <cmd>
--flush_args <args>
—-breather <secs>
--cap <capacity>
--disp <capacity>
--wr <num>
--str <1]2>
--qdep <num>
--wrsz <num>
—--rdsz <num>
--wr_stride <num>
--rd_stride <num>
--wrnd <num>
—--rrnd <num>

Data file (e.g., /mnt/data)

Assume file already exists (dflt 0)

Do not zero-fill file before doing I/0 (dflt 0)
Target device (e.g., /dev/sd0, /dev/raw/raw0)
Mounts an ext2 on <device> and then creates <file>
0_DIRECT flag for <file> or <device>

ips.conf file (dflt /etc/ips.conf)

Target id (specify -1 if not iSCSI)

iSCSI lun (dflt 0)

Number of samples (default 1)

Samples to skip over (default 0)

Iterations per sample (default 1)

Seed for RNG (default 1234)

Command to run after each iteration

Args to pass to flush command

Time to rest after each iteration (dflt 0)
Working set size in MB (default 128)
Displacement from lba O in MB (default 0)
Percent writes (default rnd)

Shared or separate rd/wr streams (default rnd)
Queue depth (default rnd)

Write size (KB) (default rnd)

Read size (KB) (default rnd)

Write stride (KB) (default 0)

Read stride (KB) (default 0)

Percent random writes (default rnd)

Percent random reads (default rnd)
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--wrsk <dist> Seek (KB) distribution per write I/0

--rdsk <dist> Seek (KB) distribution per read I/0

--think <num> Think time (default rnd)

--warm <secs> Warm time in secs (default 10)

--warm_io <num> Warm for this many IOs

--warm_mb <num> Warm for this many MB of data

--test <secs> Test time (default 10)

--term <capacity> Stop test after <capacity> MB bytes transferred
--outfile <outfile> Output file for results (default stdout)

--mock Don’t actually do any I/0

-—extern <cmd> Run command for each iteration, instead of sampling
--extern_args <args> Pass these args to the external command
--extern_suppress Suppress stdout and stderr from external command
-—extern_shutdown Run this command to shutdown external command
-—extern_mark <string> Start warming after <string> encountered in stdout
--replay <trace> Replay udisk trace (see udisk -t option)
--timing_accurate Attempt a timing accurate trace replay

--filter Apply sample filter hardcoded in fitmess.c
--i_counters Retrieve initiator counters after each iteration
--i_counters_loop <secs> Retrieve initiator counters every <secs> secs
--version Show version

--help Show usage

A.2 Command for --flush option

This script is used to flush the storage array caches after each workload sample is collected. It reads 1 GB
of data sequentially (twice) at an offset of 16 GB. The script is stored in the file ~/usr/bin/doflush:

#!/bin/sh

fitness --device /dev/sd0 --tid O --cap 1024 --disp 16384 --term 1024 \
--wr 0 --rdsz 64 --qdep 16 --rrnd O --iters 2 --direct

A.3 Options for FitnessDirect

fitness --tid 0 --device /dev/sd0 --i_counters --cap 16384 --warm 30 --test 30 \
--samples 200 --iters 3 --flush “/usr/bin/doflush --direct

A.4 Options for FitnessBuffered

fitness --tid 0 --device /dev/sd0 --i_counters --cap 16384 --warm 30 --test 30 \
--samples 200 --iters 3 --flush “/usr/bin/doflush

A.5 Options for FitnessFS

fitness --tid 0 --device /dev/sd0 --i_counters --cap 16384 --warm 30 --test 30 \
--samples 200 --iters 3 --flush ~/usr/bin/doflush --file /mnt/data --mount /mnt
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A.6 Options for FitnessCache

#!/bin/sh

for cap in 16 16384; do for qdep in 1 2 4 8 16; do for rdsz in 1 2 4 8 16 32 64; do \
fitness --tid 0 --device /dev/sd0 --direct --i_counters --warm 30 --test 30 \

--iters 3 --samples 1 --flush “/usr/bin/doflush --wr O --rrnd 0 \

--qdep $qdep --rdsz $rdsz --cap $cap; \

done; done; done

A.7 Options for Postmark (creation phase)
I#/bin/sh

for i in ‘seq 0 49°; do \

fitness --tid O --device /dev/sd0 --i_counters --cap 16384 \
--warm 60 --test 30 --iters 3 --samples 1 --skip $i \
--flush “/usr/bin/doflush \

--mount /mnt --extern postmark \

--extern_args ~/rf/etc/postmark-create.$i.cfg \
--extern_suppress; \

done

A.8 Options for Postmark (transactions phase)
I#/bin/sh

for i in ‘seq 0 49°; do \

fitness --tid 0 --device /dev/sd0 --i_counters --cap 16384 \
--warm 60 --test 30 --iters 3 --samples 1 --skip $i \
--flush “/usr/bin/doflush \

--mount /mnt --extern postmark \

--extern_args ~/rf/etc/postmark-trans.$i.cfg \
--extern_suppress \

--extern_mark transactions; \

done;

A.9 Options for Cello

#!/bin/sh

for i in ‘seq 0 79°; do \

fitness --tid O --device /dev/sd0 --i_counters --cap 16384 \
--warm 999 --warm_mb 128 --test 30 --samples --iters 3 \
--flush “/usr/bin/doflush --replay tracefile.$i.txt

done

A.10 Options for TPC-C

#!/bin/sh
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for i in ‘seq 0 49°; do \

fitness --tid O --device /dev/sd0 --i_counters --cap 16384 \
--warm 30 --test 30 --samples 1 --iters 3 \

--mount /mnt \

--flush “/usr/bin/doflush \

--extern ~/usr/bin/run-tpcc --extern_suppress \
--extern_args $i --extern_mark START; \

done

A.10.1 Contents of “/usr/bin/run-tpcc

#!/usr/bin/perl

$SIG{INT} = sub {
$pid = getpgrp(0);
system("iscsi-kill-tree $pid");
I
$skip = $ARGV[0];
$dir = "/mnt";

# copy in a configuration file with randomly generated values for
# prob_neworder, prob_payment, prob_order_status, prob_delivery and prob_stock_level
system("cp ~/rf/etc/exampleconfig.$skip ~/usr/src/tpcc-kit/exampleconfig");

if (fork()!=0) {
while (1) {
sleep(1);
}
} else {
system("mkdir $dir/tpcc-log");
system("cd $dir; /h/ss/dist/benchmark-tpcc/tpcc-kit/main -s0");
system("cd $dir; /h/ss/dist/benchmark-tpcc/tpcc-kit/main -s1 -sm_logging n");
system("sync");
printf ("START\n");
system("cd $dir; /h/ss/dist/benchmark-tpcc/tpcc-kit/main -r0");

A.10.2 Contents of ~/usr/bin/tpch-run

if (fork) {
system("rm -f /tmp/tpch.COPYDONE") ;
system("echo y | sudo mkfs /dev/sd0 16777216 > /dev/null");
system("sudo mount /dev/sd0O /mnt");
system("sudo chmod a+w /mnt");
system("cp -Rv ~/rf/cache/tpch/data /mnt > /dev/null");
system("touch /tmp/tpch.COPYDONE") ;
system("postmaster -D /mnt/data > /dev/null");
system("sudo umount /mnt");
system("rm -f /tmp/tpch.COPYDONE");
} else {
do {
sleep(1);
} until (-f "/tmp/tpch.COPYDONE");
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sleep(10);
system("echo parent: RUNNING PSQL");
system("psql tpch < “/usr/src/tpch_postgres/var/queries/$ARGV[0]-ready.sql > /dev/null");

A.10.3 Contents of “/usr/bin/tpch-shutdown
#!/bin/sh
killall psql

sleep 1
killall postmaster
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Appendix B

Concurrent workloads

This experiment models the performance impact of two workloads running concurrently on the same disk
array. The hypothesis is that a regression tree can be used to predict whether two workloads, running
together, will yield more/less bandwidth than the first workload running alone. Throughput or latency
could have also been used.

Of course, when multiple workloads are sharing a disk array, one really wants to predict the quality of
service that each workload will receive (e.g., the proportion of the bandwidth), rather than the aggregate
performance of the array. As a first step toward this goal, this experiment establishes that one can use
workload characteristics to predict the relative change in aggregate performance when another workload
is added. If aggregate performance is predicted to decrease, then one has established the minimum
(predicted) performance degradation that the first workload will experience. Longer term, it may be
possible to use such models recursively. For example, if two workloads are running and characterized as
a single workload, one might be able to predict the performance impact of adding a third workload, and
SO on.

The performance metric used is referred to, in this experiment, as an impact factor, or the amount
by which aggregate bandwidth changes when the second workload is added to the first. Values less than
1.0 indicate an adverse impact, and values greater than 1.0 indicate a performance improvement. For
example, if a single workload has a performance of 100 MB/sec, and adding a second workload reduces
the aggregate bandwidth to 75 MB/sec, the impact factor is 0.75.

B.1 Setup

The same hardware and software platforms, as described in Section , are used for this experiment.
Each disk array is modeled independently (i.e., no relative modeling).

Concurrent runs of Fitness are used to generate pairs of synthetic workloads. The application-level
workload parameters of Fitness are used to characterize each workload. As described in Section
these include the write percent (0 to 100), write size (KB), read size (KB), write randomness (0 to 100),
read randomness (0 to 100), and queue depth. Because application-level parameters are used as workload
characteristics, there is no change in workload characteristics across disk arrays. Further, the arrays are

accessed in raw mode (no page cache or file system).

169
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Figure B.1: Distribution of performance impact on each disk array.

1000 pairs of synthetic workload are generated for each disk array. The first workload of each pair
is run first, and the performance is observed. The second workload is then added, and the aggregate
bandwidth of the two workloads is observed. From these observations, the impact factor is calculated as

previously described.

B.2 Distributions of performance impact

Figure @ plots the distribution of the performance impact for each disk array, over all 1000 workload
pairs. Two observations can be made. First, in approximately 50% of the cases, on each disk array, adding
a second workload to the first increases aggregate bandwidth. In the remaining 50%, adding a second
workload results in a less efficient 1/O, thereby leading to a reduction in bandwidth. In other words, the
performance impact depends on the type of workloads composing the pair. Second, as indicated by the
differing distributions, a pair of workloads can react differently across arrays. Some arrays may show an
adverse performance impact, others may not. Together, these two observations suggest that modeling the
performance impact on a disk array will require that a) one use workload characteristics (and possibly

performance) and b) one create separate models for each disk array.

B.3 Performance models

Using 50% of the workload pairs, CART models are trained to predict the performance impact. The
model inputs are 1) the workload characteristics and performance of the first workload on a given disk
array and 2) the workload characteristics of the second workload.

Table B.] shows the median relative error for each disk array. These values represent the relative
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Naive Predictor | CART Predictor
Array A 48% 14%
Array B 62% 13%
Array C 66% 18%
Array D 49% 16%

Table B.1: Error when predicting the change in aggregate bandwidth when a second workload is added
to a disk array.

error when predicting the impact factor. Also shown is a naive model that predicts the average impact
factor over all training workloads. As can be seen in the table, a CART model can significantly improve
the prediction error over a naive model, thereby suggesting that predicting the effects of resource sharing
is possible with CART.

B.4 Discussion

This experiment established the potential for modeling the performance impact of concurrent workloads.
A more general hypothesis, but one not tested in this experiment, is that this process can be applied
recursively. That is, if n workloads are running on a disk array, their aggregate workload characteristics
and performance can be observed, and a CART model can be used to predict whether adding an additional
workload will negatively impact the overall bandwidth. In such a scenario, assuming workloads receive
a proportional/fair share of resources, one can continue adding workloads to a disk array as long as
the aggregate performance continues to increase. This methodology is similar to continuing to admit

processes into a multi-user system, so long as the system is not “thrashing.”





