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Abstract—Web caches play an important role in improving the current contents and their sizes, the incoming requests
the surfing experience of Web clients and reducing the netwdér the cache size, and the replacement algorithm. Developing
traffic seen by Web servers. Accurate analytical models of We 4|5 that explicitly capture the working of a cache is fte
caches are desirable as they can provide inexpensive ways to . - - .
make resource provisioning decisions at a cache itself as ve a non-trivial exercise and requires measqrement_s intemal
as at the Web servers it is servicing. Explicitly modeling a the cache that may not always be readily obtainable. The
Web cache has two major shortcomings: (i) it makes several motivation of this paper stems from the need to build an
simplifying assumptions about the operations of the cacheof easily interpretable model which can represent the interna
mathematical tractability resulting in loss of accuracy, ad (i) states of the cache without being intrusive and can be built

it requires measurements of phenomena internal to the cache . t of inf tion to be effecti In thi
that may not always be available without adding monitoring upon minimum amount ot information to be efiecuve. In this

hooks within the cache. Therefore, in this paper, we turn tovard ~ Paper, we make the following contributions in this context.
statistical techniques to develop a model that is non-intraive « We develop an approach (named State-space Modeled

(that is, requires no additions to the cache) and treats the \&b Cache Prediction (SMCP)) for predicting the hit ratio of

cache as a black-box (that is, operates solely by observingadily . - .
available inputs/outputs and requires no knowledge aboutte a Web cache that is based on a linear Gaussian state

internals of the cache). Relying on the intuition that the irternal space model. Our approach ldack boxin nature in
dynamics of a cache can be captured by a first-order time- that it does not require explicit information about the
dependent process, where the new cache state depends emgire system (such as replacement policy or cache size); it

on the current state and the incoming request, we develop a
model called State-space Modeled Cache Prediction (SMCP),
based on the well-studied linear Gaussian state space modéb

relies solely on observations of hit ratios and request
arrivals in the past. Furthermore, our approach does not

observe, characterize, and predict the hit ratios at a Web azhe. require any additions or modifications to a cache and is
A comparison with three time-independent models, includiig one computationally efficient for online use.
based on Linear Regression (LR), validates our intuition fo the « Our approach igime-dependenin that it has mecha-

need to employ a time-dependent model. A detailed evaluatio nisms for adapting its representation of the internal state
using the request trace at IRCache shows the efficacy of our

model with LRU and LFU, two representative cache replacemen of the cache to dyna}m'ca”y.Chang'ng workloads.
policies. In our experiments, SMCP predicts hit ratio within 0.05 « We conduct evaluations using a real Web cache trace

(absolute value) of their actual value 81.4% of the times for to show the efficacy of the SMCP approach for two
LRU and 65% of the times for LFU. Secondly, SMCP captures popularly used cache replacement policies, namely LRU
the time-varying behavior more accurately than done by seval and LFU. We also propose a number of time-independent
time-independent models. . L . . .

statistical prediction techniques, including one based on
Linear Regression, and demonstrate the improvement

offered by our approach over these.
Web caches are widely used for reducing the response times

of Web clients as well as to reduce the network traffic reakive Il. BACKGROUND AND MOTIVATION
by Web servers. A key performance metric of a Web cacheWeb caches are deployed at various locations between Web
is its hit ratio. Accurate prediction of the hit ratio at a Welservers and their clients, including points close to thenth
cache is desirable since it can provide valuable infornmati@nd the servers. These caches differ from several otheirmgach
about client performance as well as the traffic expected $gstems in that the units of transfer, storage, and eviaien
arrive at the associated Web servers. Such information, afi files. The files requested, stored and transferred tylgica
turn, can be used for making resource provisioning decssioshow high variability in their sizes [6], [4], [8]. In addith to
at the Web servers or at the cache itself. As an examplesiae, replacement policies need to be take into considerati
low hit ratio during an upcoming time period may indicates well (such as recency, frequency etc.) [3], [11].
an impending increased arrival rate at a Web server, whichConsequently, understanding the cache behavior, given the
may then provision more resources to handle this increaséde-varying nature of workload, becomes very challenging
workload. Additionally, such prediction must be amenalole tEfforts to understand this behavior for multi-level caahin
efficient, online algorithms in order to be practical. systems have included the building of analytical models for
The hit ratio of a Web cache is a complex function oénhancement of performance [20], [12]. One problem with

I. INTRODUCTION



analytical modeling of behavior is that it requires detaile I1l. BLACK-BOX MODELS
information about the system in advance and requires a grealt the ab ¢ licit inf i bout th h
amount of time for building. Moreover, they often end up n the absence of expicit information about the cache,

being limited views of the system, due to the simplifyin%’tu't'ons about its expected behavior/interactions cafp h

assumptions typically made. Consequently, the generati Hild a black-box model for its performance. The specific

of the model becomes a time-consuming process, and f Iré)blem we are Iopking to solve is_ as follows. The input to
to handle the time-varying nature of the system. A majé e system is considered to be a window of requests of length

d =
challenge lies in the ability to capture the internal cache’ represented by feature vector/ € R summarizing the

dynamics which, at a given time depends upon the most rec [quw characterlstlcs,_such as mean file size (mqrg details
cache state and the current request. A black-box appro in Sec. 1IV), wherel is the number of characteristics used.

does not explicitly require information from the systemgdan ed_()ltjtpurt]_oLthlstrTodel IS _th?hunknor\:vn ﬁ.?antt.'ty we V;;? ;O
hence, has good potential for online applicability in a no redict, which In this case 1S the cache i ratlo, represent
intrusive manner [16]. yY € R, 0 <Y < 1.Inthe case that the learning method is

time-dependent, the cache state is modeled by a state vector

The behavior of the cache state can be safely considergd. pe Thege variables assume (potentially) different values

to be a first-order time-dependent process, where the NEWyifterant points of time, and hence are subscripted by the

cache state depends entirely on the current state and fgg.; The problem is therefore to make accurate predictions

incoming request, without direct dependence on its patista aboutY; ahead of time, with no further information provided.

A number of different statistical learning techniques can 9—|ow much ahead in time to predict, is the next question
considered for modeling cache by a black-box approach, ’

with the goal being to estimate the hit ratio over windows —
me gamned by Time gained by

of requests. These techniques can be roughly divided into rsdictng Yerat e /,‘_edmh,ﬁykam
time-dependent models and time-independent methods-Time Vo ot e )
independent approaches to learning, such as regression and incoming requests € i
classification can be employed to predict the output (hibyat Yo u U
directly from the input (request window). While variousdiar : i

and non-linear regression methods can be used to estimate w o x5 o hartd

the output precisely, classification methods such as CART [5

and SVM [18] can be used to estimate classes/ranges of /

hit ratio values. For example, CART has been employed in Times at which actual hit ratios Y1 and Y are available

the past for prediction of storage device performance [19]. Fig. 1. Prediction time-line

A potential shortcoming of time-independent methods is the ) o )
absence of cache state in the prediction process. Mordover, \We construct a setting for the prediction that can potelgtial
the classification approaches, even a multi-class methnd ¢40duce benefit in a real-world scenario. In Fig. 1, we show
at best predict ranges rather than precise values of hit.ratinow the time of prediction affects the total advantage gaine
geurpposeri is a small time (all times are on a relative scale)

On the other hand, time-dependent models are more clo . . . .
RN ... required to compute the actual hit ratio after the window
to the actual cache behavior in principle. One possibititthie . . S
of requests has arrived. Assuming that the prediction is

use of Hidden Markov Models (HMMs) for capturing cache ™ "~ .
state dynamics over time. A limitation of this approach lies considerably faster than the actual cache-based compyati

the fact that standard HMMs are finite-state machines, WhﬁéEd'Ct!nng’l at t'r.nEtk leads to a gain of tw_ne. If 9 is too
all, it may not give the system enough time to make any

the cache may not necessarily have a finite state space. ’ 2 .
Y y P Lesource adjustments based on the prediction. It will rablee

circumvent this problem, we make use of linear Gaussiae Stmore advantageous to make the predictiorvofat time ¢
space models, often referred to as stochastic linear dygami Y P R s

systems, which can be thought to be an extension of the Hdich will give us a benefit oft .1 —t;+0). This could be a

to infinite state-space. The motivation of this paper sten?'sgmflcam amount of time, depending on the chosen window

. o . ize L and the temporal pattern of incoming requests. Hence,
from a need to build an easily interpretable system which can = - .
. . o we wish to make prediction about a window even before the
effectively capture the internal state transition of theteyn,

without being intrusive. The choice of linear state-spacelet zgsster;;uii Srtnlon dgzthIicggB\év Ijsricel;\t/egﬁ tTc:]uer:ﬁforer;e:jr:c?iI:)r?u
is appropriate in that it is fairly simple, well-studied, can ¢ 9 ¢ put, 9p ;

agrees well with the expected cache behavior. While trt]};éalts (Z)S ega;?eagtaetzm:j]s;es fggt“(’:hl;dir ;?en%izl:t?ptf\?jr a
addition of time-dependence to the model is intuitive, wst te 9 9 y

whether it actually plays a role or not by also experimenti gngle request window, and (b) there is local homogeneity

n
with Linear Regression alongside. Previous research teffo'r% temporal pattemns of requests.

considered employing machine learning techniques to solye
problems in computer systems [14], [7], [17]. However, t0"
the best of the authors’ knowledge, no previous work hasWe first attempt to solve this problem through the use of a
addressed modeling cache dynamics to predict its behaviasimple time-independent learning model, the linear regjoes

Linear Regression (LR)



The model attempts to capture correlation between the predi
tor variables and the dependent variable, if such cormiati
exists. The LR model in our case can be represented by

d
Yt:ao—i—ZaiUt(i)—l-e (1)
=1
with U, being the predictor variablg;; being the dependent
variable that is predicted frorty;, ande being a small error.

The coefficientgag, a1, - - - , aq) are typically estimated in the _ ) ] )
. 2. Graphical representation of a state-space modédl wliservable

. . . . Fi
learning phase, Wh!Ch involves tral_nlng samples drawn fromﬁut and output. The shaded nodes represent observalidlear
the system consisting ofU;,Y;) pairs. There are standard

methods for approximation of these coefficients [15]. |Hﬁipurpose of_de;nlerrrr:mmg the new catf:he star:e atztyn'éhﬁz
particular, the linear least squares method is used in cae.cd> Pecause typically the current state of a cache summaalzes

Note that while the coefficients are linear, the value&ptan the factors that can affect the cache response. If all vmsab

include non-linear terms of the actual feature vectors ag we'® treated as ra_n_dom Processes, then this fact can benwritte

As discussed previously, the predicted valueYpfis used as In terms of conditional probabilities as follows:

an estimatc_)r f0m+l' . PT‘(th |Utk’th—1 ) thfw ) = PT‘(th |Utk7th—1) (2)
Clearly, in the cache setting, LR uses only the request ] ) .

window features to predict the hit ratio, completely igmgyi 'he State change over time is thus a first-order process by

the role of the internal cache state (which the incoming esqu nNature. Keeping all these factors in mind, an appropriate

may be independent of). In other words, given the sanmeodel for the cache behavior is the linear Gaussian state-

request window, the hit ratio will likely vary depending dret SPace model, as summarized below:

current cache conditions. However, a linear regressionehod X, = AX, 1 +BU +uw 3)

will make no distinction and will rather predict the sameual

in both cases. This shortcoming leads us to look for time- io= CXitu )

dependent models that can take into consideration both thg € R**¢, B € R**¢, ¢ € R*°, w, € R®, andv, € R.

temporal nature of requests and the state of the cache for the ] )
purpose of hit ratio prediction. As we see in sec. IV, thidN€ vectoru; ~ N(0, Q) is the state noise drawn from a zero-

shortcoming does seem to play a role in generating poof8f@n Gaussian distribution with covariance mafpix R°*.

results than with the time-dependent model described beloW'® variablev; ~ N(0, k) models the output noise, drawn
from a zero-mean Gaussian distribution with variafite R.

B. Stochastic State-Space Model The current state depends linearly on the previous statéhand
To capture the internal dynamics of the cache, we introduggrrent input, and the output depends linearly on the ctirren
the notion of an unobservestate vectorX, € R¢ which state. Thus, the noise variables help to model the inherent
essentially attempts to model the current cache state atea tiSystem noise, as well as to compensate for the errors due to th

t. The dimensionalityc of the state vector is expected tdinearity assumptions. Equation 3 helps to capture therarite
reflect on the complexity in state dynamics that the modéist-order behavior of the cache states, as discusse@edli
can capture. The chosen time-dependent model is based u@phical representation of this input-output state-spaodel
the known pattern of cache behavior, suitably modified for @amed State-space Modeled Cache Prediction (SMCP)) is

Initial
State

window-of-requests setting, as described below: shown in Fig. 2. Here, our objective is to predict the output a
1) Cache state at an arbitrary timg_; is represented by time (k+1) while being at timek, even before receiving input
a state vectoX;_;. Uj. To do so, we still learn the parameters based on the model
2) Cache receives a window of requests at timerepre- described by Eqgns. 3 and 4 using the training data. While this
sented byl;, . would only allow us to make a prediction faf, after Uy, is

3) The incoming requests;, and the previous cache statd€ceived, we use the prediction fb. as apredictorfor Yy 41,
X;, , both help determine the new cache stafg, under the assumptions that the cache state does not change
item. The updated cache statg, now determines the much over a single window, and the request windows have
outcome of the incoming requests, represented’py Some local homogeneity. Thus, given the learnt parameters,

To model this behavior, we employlmear Gaussian state- Prediction occurs as follows:

space modekith observable input-output. Hence we only care Y, = C X+

about the state dynamics at these intervals. While the lactua

requests, cache state change, and hit/miss response occur f

each incoming request, we choose to model their behaviotwWhile there exist various methods for the estimation of

over windows of requests rather than over individual retaiesparameters of a stochastic state-space model [10], we train
Note further that once we know the cache state at time, parameters based on the method proposed in [13], which

we no longer care about the cache states that preceded it,dmduces maximum likelihood estimates of parameters. The

Yir1 «—  Yi(predictor)



implementation, which entails an expectation-maximaati cache (of size 8 MB) with various cache-replacement pdicie

(EM) algorithm [9] together with Kalman filtering [2] for (such as Least Recently Used (LRU), Least Frequently Used

iterative estimation of the parameters of the state-spamein (LFU), Random and various skewed random policies etc.).

is made available onlifeby the authors. We utilize this The simulator was written in C++ and training and testing

implementation for learning parametess B, C, @, R, and phases were done using MATLAB. Representative features

the multivariate Gaussian parametérs, Yo) for the initial were extracted from the workload over windows of successive

value of state vectorXy. The model requires the sizeof requests, chosen based on the intuition that they would have

the state vector to be specified, discussed further in sec. I\¢orrelation with respect to hits and misses in the cache.
Training and testing are performed on non-overlappinbhese features included the following, all of which showed

data, and proceed as follows. The training set is split igqiea¢  significant correlation with hit ratios in a prior study:

length segments of sizk,, (truncating if necessary) and used 1) Mean of size for the files requested

for the parameter estimation. Because the dynamics anetlear 2) variance of size for the files requested

at the granularity of lengtil.;, sequences, we surmise that 3) 9 of requests for unique files

the state vector may become increasingly inaccurate in theq) Cumulative size of all unique files

prediction of longer length sequences at a stretch. ThmefoAlthough we use linear models, in order to be able to capture

we partition the test set in a similar way as well into lengt,, o1 jinear correlation between the features and the hit
L, sequences in order. Prediction occurs independently fl%ﬁios, we simply add the squares, cubes, and cube-roots of

.ea.“.:h sequence, ta_lke_n in order. Thus for each seqqenceeg& of these four features to the feature set. Effectivbdy,
initial state vector is first drawX ~ N(ug, o), following input vectors consist of 16 features, i.8,, € RS.

which the prediction proceeds dynamically as in Egns. The outputY; € R is the hit ratio over a window, which is

and 4. We note that for consecutive sequences, the cagie guantity we attempt to predict here ahead of time. For a

.Stf"l.tel at the in?] of one sequeﬂce ShOU|d_ behthe.fsir.ne asréﬁﬁest window of lengtlL, if the number of hits at time
initial state of the next one. The caveat is that if this stajg by, then, — % which also means that; < [0, 1].

prediction (sayX;.s:) is poor, then makingXy = X, for
the next sequence onwards may be an error carried throlghResults

the chain of sequences, which may cause results to diverg?n order to evaluate the relative performance of our model,

completely (as we observe in some experiments). Instead,wg computed the prediction with a representative set of

take a middle path in the assignment.X, by computing @ alternative methods, as listed here: ®andom: Random

linear combi_nation of the last state predicted in the Pre¥10 alues drawn from a normal distribution having same mean
sequence with a sample drawn fraNis.o, ¥o), that is, and variance as the training output data; (st Value

Xo = aXimit + (1 — ) Xjast (5) Prediction: The most recent actual observed value used as

prediction for current output; (3)inear Regression (LR)

where X, ~ N(io, Xo). Here,(1—a) measures the relative  We employed two different widely used cache replacement
confidence we have in the last state predicted by our modeblicies for our evaluation - Least Recently Used (LRU)
making o a system parameter that must be pre-specified #md Least Frequently Used (LFU). For various window-
some way. Simply looping through a set of reasonable discrejizes, comparison with the above methods showed that SMCP
values for alpha can yield a choice, as we show in Sec. IV. futperforms consistently each time. while LR comes closest
essence, the alpha parameter pulls the last value for tke stg it in performance. For example, for window-size 500, the
vector toward the mean value of the state vector (estimateICP method predicts hit ratios within 0.05 (absolute value
by the model) to prevent divergence over time. of their actual value 81.4% of the times, as against 67.3% in
the LR case, for the LRU cache replacement policy. The mean
absolute error achieved by SMCP is 22.3% of the original
A. Experimental Setup and Performance Metrics values, as compared to 31.7% in the LR case. Hence, we

We used real HTTP traces obtained from [1] during th@'€® presenting only Fhe r.esults _showing comparison between
last week of September 2004, for our evaluation. The traceCP and LR only in this section.
consisted of about 1.35 million requests for static fileslfHa Figures 3(a) and 3(c) show the hit ratio (for entire test-
of it was used to train the models and the remainder wéiration), actual and predicted (by SMCP and LR), where
used to evaluate them. For this purpose, we chose to usi@ replacement policies were LRU and LFU respectively.
scaled-down version of cache in terms of size and numide?’ these experiments, SMCP parameters are tuned for best
of requests sent to the Web-server. This had the advantag@@fformance, with the dimensionality of state vecior 2,
reducing the simulation time for various replacement petic and thea = 0.75, which is the combination weight in Eqgn. 5.
Our future work will comprise of training and validation Wit The X-axis essentially represents the windows of incoming
larger cache sizes and a greater number of requests beihg §gauests taken in order. Variation in actual hit ratio iedtty

to the Web server. We simulated the behavior of a single wéBOWs the changes happening in internal cache state, lsecaus
of its interaction with incoming requests. SMCP, being agtim

lhttp: // ww. gat sby. ucl . ac. uk/ ~zoubi n/ sof t war e. ht m dependent model, captures the internal state dynamics and

IV. EXPERIMENTAL EVALUATION
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Fig. 3. Prediction performance of SMCP and LR (for LRU and DK&lc) for entire test duration and (b/d) for specific testadion.

can adapt to the changing behavior of the cache, as shostate vectorX; corresponds with actual cache states at a given

in these figures. On the other hand, with LR, the learnirtgne, the results do indicate a clear role played by the state

process associates inputs with outputs directly, withowt avector which help produce superior performance.

consideration to the cache state. The absence of such a o )

machinery prevents LR from producing different outputs for: Sensitivity Analysis

the same input under different cache states, as evidentifsom We conclude the experimental results section with an

prediction having very less deviation from a static meameal evaluation of how the SMCP system parameters affect the

Although, these results have been presented for a windpsv-sprediction performance. Root Mean Squared Error (RMSE)

of 500, similar performances for other window-sizes vetifg has been used as the metric for comparison and is defined as

limitation of LR to capture the cache dynamics. In general,

the performances improv_e over larger Window_ sizes _for all RMSE = 1 i (Yactual B Ypmdicted)z

cases due to the averaging effect. A larger window in turn AT t t

works to the advantage of the application, giving the system =t

greater time for reallocation. where T' is the length of the test sequence. The effect of
We also show the goodness of prediction, as achieved tese parameters are inter-dependent, hence an exhaustive

these two methods (for specific test-duration) in figureg 3(bvaluation is not possible. We focus on representativescase

and 3(d). The X-axis corresponds to the duration [450-558jat highlight the dependencies of RMSE on them, with data

of simulated time. Here also we notice that LR is insensitivgenerated using the LRU replacement policy. For each case,

to varying cache state. We observe from the graphs tHH runs are made, with mean and standard deviation of errors

the global as well as the local trends in the hit ratio tenaver them plotted.

to be captured well with the SMCP model, with prediction (a) State vector size: With o = .75, L = 300, and Ly, =

errors being tolerable in many cases. We believe thesetsesil, we vary the state vector size and plot the results in

showcase the potential of simple linear dynamical systerhgy. 4 (a). We observe that performance is best at 2,

such as SMCP, for predictive modeling of this nature. and there is progressive improvement beyond that, but with
In terms of computational complexity, once the parameteaslditional computational overhead. This seems to sughast t

are learnt, the SMCP method is comparable to the LR methtveb variables are sufficient to capture the internal cachtest

during run-time, because both involve only a small set of (b) Parametera: With ¢ = 2, L = 500, and L;,. = 50, we

matrix multiplications. This indicates that the perforroamm- vary the parametety, and plot the results in Fig. 4 (b). Per-

provement comes without additional overhead on the systeformance seems best at= 0.75, with progressive degrading

In summary, while we are unable to verify how the abstratieyond it. This seems to suggest that taking the initialorect
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