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Abstract rate.

Accurate analytical models of Web caches are desirable 1 |ntroduction
as they can provide inexpensive ways to make resource pro-
visioning decisions at a cache itself as well as at the Web
servers it is servicing. Explicitly modeling a Web cache has
two major shortcomings: (i) several simplifying assump-
tions about the operation of the cache for mathematical
tractability resulting in loss of accuracy and (i) measure
ments of phenomena internal to the cache that may not al-
ways be available without adding monitoring hooks within
the cache. Therefore, in this paper, we turn towards sta-
tistical techniques to develop a model that is non-intresiv
(that is, requires no additions to the cache) and treats the
Web cache as a black-box (that is, operates solely by ob-
serving readily available inputs/outputs and requires no
knowledge about the internals of the cache). Relying on
the intuition that the internal dynamics of a cache can be
captured by a first-order time-dependent process, we de-
velop a model called SMCP, based on the well-studied lin-
ear Gaussian state space model, to observe, characterize
and predict the hit rates at a Web cache. A comparison
with time-independent models, including one based on Lin-
ear Regression (LR), validates our intuition for the need
to employ a time-dependent model. A detailed evaluation
shows the efficacy of our model with LRU and LFU, two
representative cache replacement policies. In our experi-
ments, SMCP predicts hit ratio within 0.1 (absolute value)
of their actual value 77.5% and 65% of the times for LRU
and LFU, respectively. Secondly, SMCP captures the time-
varying behavior more accurately than done by several

Web caches are widely used for reducing the response
times of Web clients as well as to reduce the network traffic
received by Web servers. A key performance metric of a
Web cache is its hit rate. Accurate prediction of the hit rate
at a Web cache is desirable since it can provide valuable
information about client performance as well as the traffic
expected to arrive at the associated Web servers. Such infor
mation, in turn, can be used for making resource provision-
ing decisions at the Web servers or at the cache itself. As
an example, a low hit rate during an upcoming time period
may indicate an impending increased arrival rate at a Web
server, which may then provision more resources to han-
dle this increased workload. Additionally, such predistio
must be amenable to efficient, online algorithms in order to
be practical.

The hit rate of a Web cache is a complex function of
the current contents and their sizes, the incoming requests
the cache size, and the replacement algorithm. Developing
models that explicitly capture the working of a cache is of-
ten a non-trivial exercise and requires measurements inter
nal to the cache that may not always be readily obtainable.
The motivation of this paper stems from the need to build an
easily interpretable model which can represent the interna
states of the cache without being intrusive and can be built
upon minimum amount of information to be effective. This
paper makes the following contributions in this context.

time-independent models. e We develop an approach for predicting the hit rate of
. a Web cache that is based on a linear Gaussian state
Keywords: Web cache, Stochastic state-space model,  gy50e model. Our approachlitack boxin nature in
block-box approach, time-dependent model, predictian, hi that it does not require explicit information about the
system (such as replacement policy or cache size); it
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e Our approach igime-dependenin that it has mech-  ods can be used to estimate the output precisely, classifi-
anisms for adapting its representation of the internal cation methods such as CART [5] and SVM [18] can be
state of the cache to dynamically changing workloads. used to estimate classes/ranges of hit ratio values. For ex-

. _ ample, CART has been employed in the past for prediction

e We conduct evaluations using a real Web cache traceof storage device performance [19]. A potential shortcom-
to show the efficacy of the SMCP approach for two ing of time-independent methods is the absence of cache
popularly used cache replacement policies, namely state in the prediction process. Moreover, for the classifi-
LRU and LFU. We also propose a number of time- cation approaches, even a multi-class method can predict
independent statistical prediction techniques, includ- ranges rather than precise values of hit ratio.
ing one based on Linear Regression, and demonstrate  On the other hand, time-dependent models are more
the improvement offered by our approach over these. cjoser to the actual cache behavior in principle. One pos-

sibility is the use of hidden Markov models (HMMs) for
2 Background and Motivation capturing cache state dynamics over time. A limitation of
this approach lies in the fact that standard HMMs are finite-
. . hi hile th h ily h
Web caches are deployed at various locations betweer?ta.lte machines, w |eF € cache may not necessarily have a
. : . : inite state space. To circumvent this problem, we make use
Web servers and their clients, including points close to the £l G : dels. of ferred
clients and the servers. These caches differ from several, oo >aussian state space models, often referred to as
. ; . stochastic linear dynamical systems, which can be thought
other caching systems in that the units of transfer, storage . Sl
. . . to be an extension of the HMM to infinite state-space. The
and eviction are all files. The files requested, stored and __ .. . . )
motivation of this paper stems from a need to build an eas-

transferred t_y_p|cally show high Va.“"?‘b"'ty in their Sizfg . ily interpretable system which can effectively capture the
4, 8]. In addition, replacement policies need to be take into . o : o
internal state transition of the system, without beinguintr

corg,lderatlon ?IS Welld(e.gt., rg_cen;:r)]/, freqt;\en;y ;:tc._) 18, l sive. The choice of linear state-space model is appropriate
th t(_)nsequer_1 Y ur; ers z:n mgl zcsc € behavior, S?]'Vleqnthat it is fairly simple, well-studied, and agrees welthvi

€ me-varying nature of workioad, beCOmes very chal- . expected cache behavior. While the addition of time-
Iengl_ng. Efforts to understand this behaqur for muIt|db\_/ dependence to the model is intuitive, we test whether it ac-
caching systems have included the building of analytical tally plays a role or not by also experimenting with Linear

models for_ enhancc_ament of performance_ [2(_)’ 12]'_ One Regression alongside. Previous research efforts comesider
problem with analytical modeling of behavior is that it re- employing machine learning technigues to solve problems
quires detailed information about the system in advance anqn computer systems [14, 7, 17]. However, to the best of

requires a great amount of time for building. Moreover, they authors’ knowledge, no previous work has addressed mod-
often end up being limited views of the system, due to the eling cache dynamiés to predict it's behavior

simplifying assumptions typically made. Consequentlg, th
generation of the model becomes a time-consuming process
which often fail to handle the time-varying behavior of in- 3 Black-box Models
coming stream of requests. A major challenge lies in the
ability to capture the internal cache dynamics which, at a In the absence of explicit information about the cache,
given time depends upon the most recent cache state and thiatuitions about its expected behavior/interactions oglp h
current request. A black-box approach does not explicitly build a black-box model for its performance. The specific
require information from the system, and hence, has goodproblem we are looking to solve is as follows. The input
potential for non-intrusive online applicability [16]. to the system is considered to be a window of requests of
The behavior of the cache state can be safely consid-length L, represented by &eature vectorl € R¢ sum-
ered to be a first-order time-dependent process, where thenarizing the window characteristics, such as mean file size
new cache state depends entirely on the current state an@more details on this in Sec. 4), whefds the number of
the incoming request, without direct depends on its pastcharacteristics used. The output of this model is the un-
states. A number of different statistical learning techeis) known quantity we wish to predict, which in this case is the
can be considered for modeling cache by a black-box ap-cache hit ratio, represented by R, 0 < Y < 1. In the
proach, with the goal being to estimate the hit-ratio over case that the learning method is time-dependent and mod-
windows of requests. These techniques can be roughlyels the cache state, a state vector R¢. These variables
divided into time-dependent models and time-independentassume (potentially) different values at different poiots
methods. Time-independent approaches to learning, suchime, and hence are subscripted by the tiimérhe prob-
as regression and classification can be employed to predictem is therefore to make accurate predictions alipahead
the output (hit ratio) directly from the input (request win- of time, with no further information provided. How much
dow). While various linear and non-linear regression meth- ahead in time to predict, is the next question.
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We construct a setting for the prediction that can poten-
tially produce benefit in a real-work scenario. In Fig. 1,
we show how the time of prediction affects the total advan-
tage gained. Suppogeis a small time (all times are on a
relative scale) required to compute the actual hit ratio af-
ter the window of requests has arrived. Assuming that the
prediction is considerably faster than the actual cactsedba
computation, predictind’,_; at timet,, leads to a gain of
o0 time. If § is too small, it may not give the system enough

In particular, the linear least squares method is used in our
case. Note that while the coefficients are linear, the values
of U; can include non-linear terms of the actual feature vec-
tors as well. As discussed previously, the predicted value o
Y; is used as an estimator fof, ;.

Clearly, in the cache setting, LR uses only the request
window features to predict the hit ratio, completely ignor-
ing the role of the internal cache state (which the incoming
request may be independent of). In other words, given the
same request window, the hit ratio will likely vary depend-
ing on the current cache conditions. However, a linear re-
gression model will make on distinction and will rather pre-
dict the same value in both cases. This shortcoming leads us
to look for time-dependent models that can take into consid-
eration both the temporal nature of requests and the state of
the cache for the purpose of hit ratio prediction. As we see
in sec. 4, this shortcoming does seem to play a role in gen-
erating poorer results than with the time-dependent model
described below.

3.2 Stochastic State-Space Model

time to make any resource adjustments based on the pre-

diction. It will rather be more advantageous to make the
prediction ofY}, at timet,, which will give us a benefit of
(tg+1 —tx +9). This could be a significant amount of time,
depending on the chosen window sizeand the temporal
pattern of incoming requests. Hence, we wish to make pre-
diction about a window even before the first request in that
window is received. Therefore, in all our cas&sjs mod-
eled givenX; as input, but during prediction, the prediction
for Y; is used as an estimate fd%,,, under the assump-

To capture the internal dynamics of the cache, we in-
troduce the notion of an unobservsthte vectorX; € R¢
which essentially attempts to model the current cache state
at a timet. The dimensionality: of the state vector is ex-
pected to reflect on the complexity in state dynamics that
the model can capture. The chosen time-dependent model
is based upon the known pattern of cache behavior, suitably
modified for a window-of-requests setting, as described be-

tions that (a) cache state does not change significantly over 1 cache state at an arbitrary time ; is represented by

a single request window, and (b) there is local homogeneity
in temporal patterns of requests.

3.1 Linear Regression (LR)

We first attempt to solve this problem through the use
of a simple time-independent learning model, the linear re-
gression. The model attempts to capture correlation be-
tween the predictor variables and the dependent variable
if such correlation exists. The LR model in our case can be
represented by

d
Yy =ao+ ZaiUt(i) +e
i=1

)

with U, being the predictor variabl&; being the dependent
variable that is predicted frofi;, ande being a small error.
The coefficientfag, a1, - - ,aq4) are typically estimated in
the learning phase, which involves training samples drawn
from the system consisting ¢, Y;) pairs. There are stan-
dard methods for approximation of these coefficients [15].

a state vectoX, .

Cache receives a window of requests at timeepre-
sented by, .

3. The incoming requests,;, and the previous cache
state X;, , both help determine the new cache state
X, item. The updated cache stalg, now deter-
mines the outcome of the incoming requests, repre-
sented by, .

To model this behavior, we employliaear Gaussian state-
space modelvith observable input-output. Hence we only
care about the state dynamics at these intervals. While the
actual requests, cache state change, and hit/miss response
occur for each incoming request, we choose to model their
behavior over windows of requests rather than over individ-
ual requests.

Note further that once we know the cache state at time
tx_1, we no longer care about the cache states that pre-
ceded it, for the purpose of determining the new cache state
at timet,. This is because typically the current state of a



the learnt parameters, prediction occurs as follows:

Y. = CXp+u
Yit1 < Yi(predictor)

While there exist various methods for the estimation
of parameters of a stochastic state-space model [10], we
train parameters based on the method proposed in [13],
which produces maximum likelihood estimates of param-
eters. The implementation, which entails an expectation

Initial
State

Figure 2. Graphical representation of a state- maximization (EM) algorithm [9] together with Kalman fil-
space model with observable input and out- tering [2] for iterative estimation of the parameters of the
put. The shaded nodes represent observable state-space model, is made available orlibg the au-
variables. thors. We utilize this implementation for learning param-

etersA, B, C, Q, R, and the multivariate Gaussian param-
cache summarizes all the factors that can affect the cacheeters(ug, ¥o) for the initial value of state vectoX,. The
response. If all variables are treated as random processesnodel requires the sizeof the state vector to be specified,
then this fact can be written in terms of conditional proba- discussed further in sec. 4.

bilities as follows: Training and testing are performed on non-overlapping
data, and proceed as follows. The training set is split into
Pr(X:, |Us, Xty Xty_py ) = Pr(Xe, |Us,,s Xt _y) equal length segments of siZg, (truncating if necessary)

2 and used for the parameter estimation. Because the dynam-
The state change over time is thus a first-order process byics are learnt at the granularity of length, sequences,
nature. Keeping all these factors in mind, an appropriatewe surmise that the state vector may become increasingly
model for the cache behavior is the linear Gaussian statedinaccurate in the prediction of longer length sequences at

space model, as summarized below: a stretch. Therefore, we partition the test set in a similar
way as well into lengthl;,. sequences in order. Predic-

Xy = AX; 1 +BU+wy (3 tion occurs independently for each sequence, taken in.order

Y, = CX;+uv 4) Thus for each sequence, an initial state vector is first drawn
Xo ~ N(uo, Xo), following which the prediction proceeds

A e R, BeR™ CeRY™ w, e R andv, € R. dynamically as in Egns. 3 and 4. We note that for consec-

utive sequences, the cache state at the end of one sequence
The vectorw; ~ N(0,Q) is the state noise drawn from  should be the same as the initial state of the next one. The
a zero-mean Gaussian distribution with covariance matrix caveat is that if this state prediction (s&y,..) is poor, then
Q € R*¢. The variablew; ~ N(0, R) models the out-  making X, = X, for the second sequence onwards may
put noise, drawn from a zero-mean Gaussian distributionpe an error carried through the chain of sequence, which
with varianceR € R. The current state depends linearly may cause results to diverge completely (as we observe in
on the previous state and the current input, and the outputsome experiments). Instead, we take a middle path in the as-
depends linearly on the current state. Thus, the noise varisignment ofX,, by computing a linear combination of the

ables help to model the inherent system noise, as well as tqast state predicted in the previous sequence with a sample
compensate for the errors due to the linearity assumptionsdrawn fromN (p, 5o), that is,

Equation 3 helps to capture the inherent first-order behavio
of the cache states, as discussed earlier. A graphical rep- Xo = aXinit + (1 — @) Xjast )
resentation of this input-output state-space model (named

State-space Modeled Cache Prediction (SMCP)) is shownWhere Xinit ~ N(uo, ¥o). Here, (1 — a) measures the
in Fig. 2. Here, our objective is to predict the output at time "€lative confidence we have in the last state predicted by

(k + 1) while being at timek, even before receiving input  OUr model, makingx a system parameter that must be pre-
Uy. To do so, we still learn the parameters based on theSPecified in some way. Simply looping through a set of rea-
model described by Egns. 3 and 4 using the training data, Sonable discrete values for alpha can yield a choice, as we

While this would only allow us to make a prediction fe show in Sec. 4. In essence, the alpha parameter pulls the
after Uy, is received, we use the prediction fog as apre- last value for the state vector toward the mean value of the

dictor for Yy 1, under the assumptions that the cache stateState vector (estimated by the model) to prevent divergence

does not change much over a single window, and the re-Over time.
guest windows have some local homogeneity. Thus, given  http://ww. gat sby. ucl . ac. uk/ ~zoubi n/ sof t war e. ht




4 Experimental Evaluation

4.1 Experimental Setup and Performance
Metrics

We used real HTTP traces obtained from [1] during the
last week of September 2007, for our evaluation. The traces
consisted of about 1.35 million requests for static fileslf Ha
of it was used to train the models and the remainder was
used to evaluate their evaluation. We simulated the behav-
ior of a single web cache (of size 8 GB) with various cache-
replacement policies (such as Least Recently Used (LRU),
Least Frequently Used (LFU), Random and various skewed
random policies etc.). The simulator was written in C++ and

training and testing phases were done using Matlab. Rep-

resentative features were extracted from the workload over
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Figure 3. Prediction performance of SMCP
and LR method for LRU

windows of successive requests, chosen based on the intu-

ition that they would have correlation with respect to hits
and misses in the cache. These features included the fol:
lowing, all of which showed significant correlation with hit
ratios in a prior study:

1. Mean of size for the files requested
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Although we use linear models, in order to be able to cap-
ture any non-linear correlation between the features aad th
correlation, we add the squares, cubes, and cube-roots o
each of these five features to the feature set. Effectivady, t
input vectors consist of 16 features, i&,,€ R'S.

The outputY; € R is the hit ratio over a window, which
is the quantity we attempt to predict here ahead of time. For
a request window of length, if the number of hits at time
tis is hy, thenY; = 2, which also means tha, € [0, 1].

4.2 Results

In order to evaluate the relative performance of our
model, we computed the prediction with a representative
set of alternative methods, as listed hereR@d)dom: Ran-
dom values drawn from a normal distribution having same
mean and variance as the training output data; L(@t
Value Prediction: The most recent actual observed value
used as prediction for current output; (3)near Regres-
sion (LR).

We employed two different widely used cache replace-
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Figure 4. Interval [500-700] zoomed in for LRU

comes closest to SMCP. For example, for window-size of
500, the SMCP method predicts hit ratios within 0.1 (ab-
solute value) of their actual value 77.5% of the times, as
against 67.3% in the LR case, for the LRU cache replace-
ment policy. The mean absolute error achieved by SMCP
is 14.5% of the original values, as compared to 17.3% in
the LR case. Hence, we are presenting the results showing
comparison between SMCP and LR only in this section.

Figures 3 and 5 show the hit-ratio (for entire test-
duration), actual and predicted (by SMCP and LR), where
the replacement policies were LRU and LFU, respectively.
For these experiments, SMCP parameters are tuned for best
performance, with the dimensionality of state vecter 2,
and thea = 0.75, which is the combination weight in
Egn. 5. The simulated time has been shown on X-axis

ment policies for our evaluation - Least Recently Used in these figures which increase with the arrival of subse-
(LRU) and Least Frequently Used (LFU). For various quent requests. The time-varying nature of the requests
window-sizes, comparison with the above methods showedand consequent variation of internal cache state is shown
that SMCP outperforms consistently all of them and LR by varying nature of the actual hit-ratio. SMCP, being a



06 tively. Here also we notice that LR is insensitive to varying

[ Actual Value cache state. We observe from the graphs that the global as
05 ; R predaton onl well as the local trends in the hit ratio tend to be captured
. —— prediction

well with the SMCP model, with prediction errors being
tolerable in many cases. The graphs also tend to indicate
that the system may continue good prediction at even larger
window sizes as well. We believe these results showcase the
potential of simple linear dynamical systems such as SMCP,
for predictive modeling of this nature.

In terms of computational complexity, once the parame-
ters are learnt, the SMCP method is comparable to the LR
method during run-time, because both involve only a small
To0 200 300 490 500 800 700 8o ewo oo S€t of matrix multiplications. This indicates that the per-

Time ¢ formance improvement comes without additional overhead
on the system. In summary, while we are unable to ver-
ify how the abstract state vectar, corresponds with actual
cache states at a given time, the results do indicate a clear
06 ‘ ‘ ‘ role played by the state vector which help produce superior

0.55 -~ Actual Value | | performance.
: ——LR prediction
osk 4 ——SMCP prediction| |

t

Hit Ratio Y.

Figure 5. Prediction performance of SMCP
and LR method for LFU

4.3 Sensitivity Analysis
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We conclude the experimental results section with an
evaluation of how the SMCP system parameters affect the
prediction performance. Root Mean Square Error (RMSE)
has been used as the metric for comparison and is defined
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Figure 6. Interval [450-550] zoomed in for LFU whereT is the length of the test sequence. The effect of

these parameters are inter-dependent, hence an exhaustive

time-dependent model, captures the internal state dynam-evaluation is not possible. We focus on representativescase
ics and can adapt to the changing behavior of the cachethat highlight the dependencies of RMSE on them, with data
as shown in these figures. On the other hand, with LR, generated using the LRU replacement policy. For each case,
the learning process associates inputs with outputs irect 10 runs are made, with mean and standard deviation of er-
without any consideration to the cache state. The absenceors over them plotted.
of such a machinery prevents LR from producing different ~ (a) State vector size: With « = .75, L. = 300, and
outputs for the same input under different cache states, ad.;. = 50, we vary the state vector sizeand plot the results
evident from its prediction having very less deviation from in Fig. 7 (a). We observe that performance is bestat2,
a static mean value. Although, these results have been preand there is progressive improvement beyond that, but with
sented for a window-size of 500, similar performances for additional computational overhead. This seems to suggest
other window-sizes verify the limitation of LR to capture thattwo variables are sufficient to capture the internaheac
the cache dynamics. In general, the performances improvestate.
over larger window sizes for all cases due to the averaging (b) Parametery: With ¢ = 2, L = 500, andL;,. = 50,
effect. A larger window in turn works to the advantage of we vary the parameter, and plot the results in Fig. 7 (b).
the application, giving the system greater time for reseurc Performance seems bestcat= 0.75, with progressive de-
reallocation. grading beyond it. This seems to suggest that taking the

We also show the goodness of prediction, as achieved byinitial vector X;,,;; estimated by the model, and the most
these two methods (for specific test-duration) in figures 4 recent state vectaX;,,, in 3 : 1 ratio produces best perfor-
and 6. For LRU and LFU, the X-axis corresponds to the du- mance, and that giving greater importancé&tg,; than this
ration [500-700] and [450-550] of simulated time, respec- causes rise in error.
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Figure 7. Effect of the system parameters on the RMSE of prediction.

(c) Training Sequence Length;,: With ¢ = 2, L = We plan to employ the model for different types of
200, anda = 0.75, we vary the training lengtii,,, and caches in future, such as storage-cache, file-cache etc. to
plot the results in Fig. 7 (c). Performance seems best atevaluate its applicability. Issues like online trainingwie
Ly = 26, with a general improvement seen from smaller be addressed to handle time-of-day effect for caches.
to larger lengths. Note that after the training, the onlerol
played byL,,. is that of resetting the state vector according
to Egn. 5. Thus we expect a correlation betwégnandc, References
which we also observe when generating a surface plot over
both of them.
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