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ABSTRACT

Caching of Internet content in caches local to users is beneficial
to both users and the network, because it reduces retrieval times
for the user as well as reduces load on the network. However, it
comes at the cost of storage in the cache, which can be large, par-
ticularly when multimedia objects are cached. In this paper, we
address the problem of caching multimedia objects such as audio
and video streams, in a cost-distortion optimized way. That is,
we seek caching policies that minimize the cost of both storage
and transmission while minimizing the distortion seen by the user
(or equivalently, maximizing the quality seen by the user). Simula-
tion results demonstrate that caching in a cost-distortion optimized
manner leads to significant improvements over the case where no
caching is performed.

1. INTRODUCTION

Web caching refers to temporary storage of web objects for future
retrieval by users. Web caching is beneficial for both users and the
network, because it allows users to access web objects with rela-
tively small retrieval times and it simultaneously reduces network
traffic. However, this comes at the cost of storage in the cache.

There exists a significant amount of literature on caching of
web objects such as HTML documents. Most of this work is re-
lated to the design of cache replacement policies for finite size
caches. Central to the design of these policies is the mechanism
used to estimate the popularity of web objects. The problem of
caching of images has also started receiving attention in recent
years [1, 2]. This problem is distinguished from caching of docu-
ments by the loss-resilience properties of images. In this paper, we
address the problem of caching streaming media objects, such as
audio and video streams. Media streams present additional chal-
lenges for caching. Besides being loss-resilient, media streams are
typically large, can be cached or accessed in portions, and have
real-time delivery constraints.

For caching of media streams, two problems need to be ad-
dressed: 1) for each portion (e.g., each data unit) of the media
stream, the caching proxy needs to estimate the number of users
who will be requesting that portion, and 2) having estimated this
quantity the proxy needs to decide whether or not to cache the por-
tion. In this paper, we tackle the second problem, i.e., assuming
that an estimate of the number of requests for each data unit is
available, we devise an algorithm to optimally select data units to
cache based on the cost and distortion characteristics of the data
units. The problem of caching media streams has also been tack-
led in [3, 4, 5, 6]. In [3], the authors propose to cache the first
few minutes of the stream. When a user requests a stream, the
caching proxy transmits the stored prefix of the requested stream
and simultaneously requests the remainder of the stream from the
server. In this way, chances that the user is starved (i.e., buffer
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underflow) are reduced. In [5], the authors propose to cache those
parts of a VBR stream where the rates are higher than the nom-
inal bandwidth of the server-proxy-user link, thus smoothing the
bandwidth required. They call their scheme “video staging.” The
work of [6] is the closest to ours. In that work the authors design
algorithms for caching based on a “robustness” function. They
maximize the robustness function by selectively storing parts of
the media stream. -

We examine two caching scenarios: prefetch caching and pas-
sive caching. Prefetch caching refers to the scenario where the
caching proxy proactively requests data from the server during
non-peak times and caches the data for future use. Passive caching
refers to the scenario where the caching proxy intercepts data sent
from the server to the first user and caches the data for future use.
In either case the caching proxy must have a policy for deciding
whether or not to cache the data. Caching the data increases stor-
age costs, but it also redices transiission costs and reduces the
delay and error experienced by the average user. Hence there is a
trade-off to be made.

This paper addresses the problem of optimizing the caching
policy in a cost-distortion optimization setting. Our objective is to
minimize the cost of both storage and transmission while minimiz-
ing the distortion seen by the user (or equivalently, maximizing the
quality seen by the user). Central to our modeling of the problem
is the introduction of a notion of prices. We assume that a “rent”
¢, must be paid for every byte of data stored in the cache per unit
time, and that a fee ¢; must be paid for every byte of data transmit-
ted from the server to the cache. Furthermore, we assume that data
transmitted from the server to the cache may be lost or delayed.
On the other hand, we assume that communication between the
cache and its users is free, reliable, and instantaneous. We detail
this model more precisely in the next section.

The paper is organized as follows: Section 2 describes our ab-
straction of the transmission scenario. Section 3 describes the op-
timization problem for caching a single data unit. Section 4 solves
the optimization problem for caching an entire multimedia stream.
Experimental results are presented in Section 5. Conclusions are
drawn in Section 6.

2. MODEL DESCRIPTION

In this section, we define our abstraction of the encoding, packeti-
zation and communication processes and state the cost-distortion
optimization problem that we are trying to solve. Our work draw
heavily on the rate-distortion optimized streaming algorithm pro-
posed in [7, 8, 9, 10]. We assume that when requesting packets,
the receiver follows the rate-distortion optimized receiver-driven
streaming algorithm proposed in [10]. For more details on the
model, the reader is referred to [7, 8].

In a streaming media system, data are encoded, packetized into
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data units, and stored on a file server. Depending on the algorithm
used for encoding, data units have dependencies between them that
can be represented by an acyclic directed graph. Data unit ! is said
to be dependent on data unit I' if I cannot be decoded without first
decoding I'. For example, in MPEG coded video, data units from
a P frame are dependent on data units from the previous I or P
frame, while data units from a B frame are dependent on data units
from the closest I and P frames.

Associated with each data unit [ is a quantity A Dy, which de-
notes the decrease in distortion if data unit [ is decoded on time,
and a quantity B;, which denotes the size of the data unit in bytes.
Also associated with each data unit is a decoding time stamp tprs,i,
which is the time by which the data unit must be available at the
decoder in order to be decoded and played back.

We model the caching scenario as follows: The client requests
data units from the caching proxy. This request is communicated
to the proxy without cost, without loss, and without delay. If the
proxy has the requested data units in its cache, then it relays them
to the client, without cost, loss, or delay. If the proxy does not have
the requested data units in its cache, then it requests them from the
server on behalf of the client. This request is communicated from
the proxy to the server without cost, but the request may be lost
or delayed. Upon receipt of a request, the server transmits the
requested data units to the proxy. This transmission occurs with
cost ¢; per transmitted byte, and additionally the transmitted data
units may be lost or delayed. If and when the proxy receives a data
unit from the server, it forwards the data unit to the client, without
additional cost, loss, or delay.

Specifically, the network path from the server to the proxy
(the forward channel) and the network path from the proxy to
the server (the backward channel) are modeled as independent
time-invariant packet erasure channels with random delays. This
means that each packet inserted into a channel is independently
lost with probability ep for the forward channel and eg for the
backward channel. If it is not lost, then it is delayed by a ran-
dom time: FTT (forward trip time) for the forward channel and
BTT (backward trip time) for the backward channel, which are
respectively drawn from probability densities pr and pp. In our
simulations, we use for pr and pp shifted Gamma distributions
with parameters (nr, @) and (np, &) and right shifts kr and &5,
respectively. These induce a distribution on the round trip time,
RTT = FTT + BTT, which is a shifted Gamma distribution
pr with parameters (ng,e), np = nr + ngp, and right shift
kR = KF + kp. Also induced is the round trip loss proba-
bility e = es + (1 — es)er. We define P(RTT > 1) =
er + (1 — €r) [ pr(t)dt to be the probability that a request
packet sent from the proxy to the server at time ¢ does not result
in the requested data packet arriving at the proxy by time ¢ + 7,
whether the packets are lost or simply delay by more than .

As an example, consider the case when the proxy requests a
single data unit [ from the server at time ;. The probability that
the server ever receives the request is (1 — ep). If it receives the
request, the server transmits the data unit in a packet on the for-
ward channel. Assuming that an amount ¢; is paid for every byte
transmitted on the forward channel, the expected transmission cost
for data unit ! is (1 — e )c¢ Bi, where B is the size of the data unit
in bytes. The probability that the proxy does not receive the data
unit by its deadline tprs, is P(RTT > tprs, — ti).

This example can be generalized to the case when the proxy
has N; opportunities to request data unit [, at times £ 1, £1,1,.. 6 N 1,1
At each of these times, the proxy may send a request to the server

if it has not yet received the data unit. Let a;; = 1 indicate that
the proxy will send a request to the server at opportunity t;; if
it has not yet received the data unit, and let a;; = 0 otherwise.
Let m = (ao,1,61,,..,an;,1). This is called the proxy’s request
policy for data unit {. Under this request policy, the probability
that the proxy will send a request to the server at opportunity
tig is ]'[].{..,aj___1 P(RTT > ti1 — t;;). Hence the expected
number of times that the server receives a request is p(m) =
Z:i:a.-=1 (1 - eB)I_Ij<i,aj=1 P(RTT > tig - tj,[). Thus the
expected transmission cost for data unit ! incurred by this pol-
icy is p(mi)ct By, and the expected error (i.e., the probability that
data unit ! does not arrive at the cache by its deadline tprs,) is
€(m) = [;.0,=1 P(RTT > tprs,; — tis). Plotting the points
(p(m), e(mr)) for all 271 realizations of the policy m for a single
data unit and restricting ourselves to the policies m on the lower
convex hull of this set of points yields a function e(p) characteriz-
ing the optimal operational trade-off between cost and error. For
more details, the reader is referred to [7, 8].

3. CACHING OF A SINGLE DATA UNIT

In this section, we consider both prefetch caching and passive
caching of a single data unit. In prefetch caching, time is divided
into epochs of T' seconds (say of duration one day). At the be-
ginning of each epoch, the caching proxy estimates the number of
users R; that will be requesting data unit [ in a particular multi-
media stream. Based on this estimate and other factors, the proxy
may prefetch the data unit and cache it for time T'.

If the proxy decides to prefetch and cache the data unit, then
it incurs transmission cost poc, By, where po = 1/(1 — ep) is
the expected number of times the server will transmit the data unit
while prefetching, c; is the price for transmitting a single byte, and
B; is the size of the data unit in bytes. In addition, the proxy incurs
storage cost ¢, By, where ¢, is the cost per byte of storage for time
T. Once the data unit is in the cache, it can be communicated
to its Ry users without cost, loss, or delay. Thus the total cost of
transmission and storage to prefetch and cache the data unit during
the epoch is (¢, + poct)Bi. This cost is amortized over all R;
users during the epoch. Furthermore, the users experience no loss
or delay when requesting the data unit from the proxy.

On the other hand, if the proxy decides not to prefetch and
cache the data unit, then it incurs a transmission cost poc: B; for
each of the R; users during the epoch. Furthermore, each user will
experience loss or delay when requesting the data unit from the
proxy, since the proxy simply forwards the request to the server.

At the end of the epoch, the proxy updates its estimate of R;
and repeats the process for another epoch. Of course, if the data
unit is already in the cache from a previous epoch, then it would
make sense not to request the data unit once again from the server.
This is the notion of passive caching. In passive caching, the
caching proxy simply decides whether or not to continue caching a
data unit that it has already acquired. Thus the difference between
prefetch caching and passive caching is that in passive caching,
the prefetch cost poc: By is not incurred, or equivalently, po = 0.
Perhaps a more typical scenario for passive caching is the scenario
where the proxy intercepts data sent from the server to a first user,
and may cache the data for future users in a new epoch.

Let oy = 1 if the proxy decides to cache the data unit during
the epoch and let oy = 0 otherwise. If 5; = 1, then the expected
cost over the epoch is (¢, + poct)Bi/R; per user, while the ex-
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pected error per user is 0. On the other hand, if oy = 0, then
the expected cost over the epoch is p(m)c: B; per user, while the
expected error per user is e(m; ). Hence to minimize the expected
error subject to a constraint on the expected cost, the proxy should
choose m and o} to minimize the Lagrangian

(1 = o)e(m) + N ((1 — ar)p(m)ee + o1(cs + poce)/Ri) (1)

for some Lagrange multiplier ' > 0. Since the number of pos-
sibilities is small, this optimization can be carried out by a brute
force search over all realizations of m; and o7. In the next section,
we use (1) as a building block for the problem of caching when
data units have dependencies between them (as would be the case
for most encoded audio/video).

4, CACHING A GROUP OF DATA UNITS

Our goal is to minimize the expected distortion seen by the aver-
age user, subject to a constraint on the expected cost per user, over
all request policies and caching decisions for the individual data
units in a media stream. However, because of the dependences be-
tween data units, it is not possible to determine the optimal request
policy and the cache decision for each data unit independently of
the other data units. For example, if a data unit is not cached, then
it becomes less desirable to cache the data units that depend on
it. Nevertheless, in this section we show that using an iterative
scheme, it is possible to determine the request policy and cache
decision for each data unit by minimizing (1) within each itera-
tion, such that the resulting request policies and cache decisions
are optimal, or at least locally optimal, for the overall problem.

Let L be the number of data units in the media stream. Then
let ® = (1,2, ..., 1) denote the vector of request policies and
let o = (01,02, ...,0L) denote the vector of cache decisions for
all L data units. The total expected cost for all data units, per user,
is therefore

C(m,0) =) (1 —a)p(m)cs + ai(cs + poce)/Ri)Br. (2)
1l

This is simply the sum of the expected costs for each data unit, per
user.

The expected distortion is somewhat more complicated to ex-
press. Let I; be the indicator random variable that is 1 if the data
unit [ is available to the user on time, and 0 otherwise. Note that
the expectation of [; is o1 + (1 — o1)(1 — e(m)), where ¢(m) is
the probability that data unit [ is not available to the user by its
deadline, using policy m; to request the data unit from the server.
The product [, ., Iiv is 1 if data unit { is decodable on time (i.e., if
data unit  and allits predecessors are available to the user on time),
and is O otherwise. If data unit { is decodable on time, then the dis-
tortion is reduced by A Dy; otherwise the distortion is not reduced.
Hence, the total decrease in distortion is 3_, AD; [],, ., Ir. Sub-
tracting this quantity from distortion if no data units are received,
and taking the expectations, we have the expected distortion

D(m,0)=Do~ Y AD [[(ov + (1 = 0v)(1 = e(m))), ()
1

<1

where Dy is the expected reconstruction error if no data units are
received. Here, as in [7, 8], we have made the assumption that
data packet transmission processes are independent, and are inde-
pendent of the source process, in order to factor the expectation in

@)

With the expressions for the expected distortion and the ex-
pected cost in hand, we can now set up the optimization problem
as minimizing the expected distortion subject to an expected cost
constraint. By restricting ourselves to solutions on the lower con-
vex hull of the set of cost-distortion pairs (C(w, o), D(m, o)), we
can solve the problem by finding (7, o) minimizing the expected
Lagrangian

J(m,0) = D(m,0) + AC(m,0). “4)

Unfortunately, this minimization is complicated by the fact that
the expression for the expected distortion cannot be split into a
sum of terms. We solve this problem by using an iterative descent
procedure as described in [7, 8] called the Sensitivity Adjustment
(SA) algorithm. Let 7@ = (x(®,x{? ... ) and 6@ =

af"),ag‘”, e ,ag’)) be any initial guess of the request policy
vector and the cache decision vector, respectively. Similarly, let
w1 and o~V be the estimates of these quantities at iteration
n — 1. At iteration n, select one component I, € {1,2, ..., L} (for
example, I, = (n mod L)). Forl # I, let r{™ = 7" and -
leto{™ = ¢V, while for | = I,, let =™ and o{™ be chosen
as arg miny, o, J(m, &), or equivalently, chosen to minimize

(1= 01)S™Me(m) + M(1 = o1)p(m)ee + o1(ca + poc)/Ri)Bi;

&)
where (5) follows from (4) with
SM=> a0 [ (ov + 1= or)(1 —e(m))).
Uyt 1<, 1AL
©

Here, S; is the sensitivity to not caching or losing data unit {. Note
that (5) is the same as (1) with \' = AB;/S;.

For prefetch caching, the proxy runs the above optimization
for each stream at the beginning of the epoch and decides which
data units should be prefetched. For passive caching, the proxy
runs the above optimization over only the data units that the first
user requests and not the entire stream.

5. EXPERIMENTAL RESULTS

In this section we report the results of our simulations for prefetch
and passive caching. The channel parameters shown in Table 1
were used for simulations. The channel has a mean RTT of 200
ms and a drop probability of 0.1. One minute of a packetized
audio stream (Sarah McLachlans Building a Mystery) was used
for simulations. The audio content was compressed- using a scal-
able version of the Windows Media Audio Codec. The codec per-
forms perceptual weighting on lapped orthogonal transform co-
efficients, followed by bitplane coding to produce an embedded
bit stream for each group of frames (GOF) of duration 0.75 sec-
onds. The bit stream of each GOF is partitioned into segments
of length 500 bytes and packetized into data units. Twelve 500
byte data units are kept for each GOF, for a maximum bit-rate of
12x500%x8/0.75 = 64 Kbps. The twelve data units for each GOF
are sequentially dependent. Each data unit [ in the GOF is labeled
by the decrease AD; in the perceptually weighted squared error
if the data unit is decoded on time and all of its predecessors in
the same GOF are decoded on time. All twelve data units of each
GOF receive the same decoding timestamp. A playback delay of
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4 = 750ms (equal to one GOF length) was used for all simula-
tions. The storage price ¢, and the transmission price ¢; were set
to ¢, = $0.50 per megabyte stored per month and ¢; = $0.12
per megabyte transferred. These prices were obtained from a web
space renting company. Transmitted requests and data packets are
dropped at random and those not dropped receive a random de-
lay according to the shifted Gamma distribution. The results were
averaged over multiple runs to smooth out the effect of any one
particular channel realization.

Next, we evaluate the performance of the proposed algorithm
with the setup described above. Figures 1 and 2 plot, for prefetch
and passive caching respectively, the average SNR versus cost per
user curves for different values of the request rate (R; = R) along
with the SNR versus cost curve when no caching is performed.
These plots were generated by varying A and keeping all other pa-
rameters constant. As can be observed, even for small values of
R caching leads to significant gains over not caching at all. Also,
by varying J, it is possible to obtain a trade-off between the aver-
age decoded stream quality and price by selecting only a subset of
units to cache as opposed to caching the entire stream.

We also note, that unlike the solution proposed in {3], the cost-
distortion optimized solution to the problem is to cache the more
“important” data units from the entire stream. Roughly, these cor-
respond to the base layers in our experiments and the I frames in
MPEG coded streams.

6. CONCLUSIONS

A cost-distortion optimized proxy caching algorithm was described
in this paper. The performance of the algorithm shows signifi-
cant savings by caching only a subset of stream as opposed to not
caching at all. The performance of the algorithm also suggests that
a good heuristic would be to cache the more important data units in
a stream as opposed to caching the first few minutes of the stream.
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KF 50ms || kB 50 ms
lap | 25ms || l/ap | 25ms
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Table 1. Parameter values used for simulations

Playback SNR of sudio cfp

ST | L "

0 10 20 3‘0 40 50 80 70
. Cost (millicents) 3
Fig. 1. Performance of prefetch caching.
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Fig. 2. Performance of passive caching.
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