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ABSTRACT
Multimedia pro xy cac hing is a clien t-orien ted solution for

large-scale deliv ery of high qualit y streams o v er heteroge-

neous net w orks suc h as the In ternet. Existing solutions for

m ultimedia pro xy cac hing are unable to adjust qualit y of

cac hed streams. Th us, these solutions either can not maxi-

mize deliv ered qualit y or exhibit p o or cac hing e�ciency .

This pap er presen ts the design and implemen tation of Mo cha ,

a qualit y adaptiv e m ultimedia pro xy cac he for la y ered en-

co ded streams. The main con tribution of Mo c ha is its abilit y

to adjust qualit y of cac hed streams based on their p opu-

larit y and on the a v ailable bandwidth b et w een pro xy and

in terested clien ts. Th us, Mo c ha can signi�can tly impro v e

cac hing e�ciency without compromising deliv ered qualit y .

T o p erform qualit y adaptiv e cac hing, Mo c ha implemen ts

�ne-gr aine d r eplac ement and �ne-gr aine d pr efetching mec ha-

nisms. W e describ e our protot yp e implemen tation of Mo c ha

on top of Squid and address v arious design c hallenges suc h

as managing partially cac hed streams. Finally , w e v alidate

our implemen tation and presen t some of our preliminary re-

sults.

1. INTRODUCTION
Most of to da y's In ternet streaming applications ha v e a

clien t-serv er arc hitecture where a serv er pip elines a requested

stream to a clien t through the net w ork. The clien t-serv er ar-

c hitecture for In ternet streaming has t w o ma jor limitations.

First, it do es not scale to a large n um b er of clien ts b ecause

streaming applications consume net w ork bandwidth along

the path from the serv er to the clien t for the en tire session.

Second, the qualit y of pip elined stream is limited to the b ot-

tlenec k bandwidth along the serv er-clien t path.

T o ac hiev e scalabilit y and deliv er high qualit y streams,

m ultimedia con ten t should b e main tained close to in terested

clien ts. Pro xy cac hing of m ultimedia streams is a clien t-

orien ted solution that addresses b oth limitations sim ultane-

ously . Similar to W eb pro xy cac hing, cac hing of p opular

streams at a pro xy substan tially reduces the load on the
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net w ork (and the serv er), whic h in turn accommo dates scal-

abilit y . F urthermore, since a pro xy is lo cated close to its

clien ts, it can e�ectiv ely a v oid net w ork b ottlenec k and max-

imize deliv ered qualit y and accommo date clien t bandwidth

heterogeneit y . The abilit y to adjust the qualit y of a cac hed

stream is a crucial requiremen t for m ultimedia pro xy cac hing

mec hanisms in heterogeneous net w orks suc h as the In ternet

that has not b een w ell-understo o d. T o justify this claim,

consider a pro xy that has three clien ts with di�eren t band-

width (Figure 1). T o maximize deliv ered qualit y of a cac hed

stream s to all clien ts, the pro xy should b e able to pro vide

appropriate v ersions of stream s that can b e pip elined to

eac h clien t. This implies that cac hing mec hanisms should

b e quality adaptive . There are t w o alternativ es to ac hiev e

qualit y adaptiv e cac hing: 1) Cac hing di�eren t enco ded v er-

sions of stream s with di�eren t qualit y , or 2) Cac hing la y ered

enco ded v ersion of stream s where the appropriate qualit y

( i.e. , n um b er of la y ers) for eac h clien t is determined b y its

bandwidth[1]. La y ered enco ding is an e�cien t and 
exible

w a y to adjust qualit y of cac hed streams without losing cac he

p erformance due to the follo wing reasons: 1) Multimedia

streams are orders of magnitude larger than t ypical W eb ob-

jects. Th us, cac hing m ultiple v ersions of eac h stream could

signi�can tly reduce cac he utilization; 2) La y ered organiza-

tion pro vides an opp ortunit y to impro v e deliv ered qualit y

of a cac hed stream on-the-
y where lo w er la y ers are pla y ed

bac k from the cac he and higher la y ers are deliv ered from the

serv er.

Therefore, the design of a m ultimedia pro xy cac hing mec h-

anism should address t w o k ey issues:

1. Which str e ams ar e su�ciently p opular to b e c ache d?

2. What is the appr opriate quality for e ach c ache d str e am?

The �rst issue in essence is a W eb cac he replacemen t prob-

lem. The second problem, ho w ev er, addresses the notion

of quality for cac hed streams as a new dimension in design
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Figure 1: Multimedia Pro xy Cac hing



of cac hing mec hanism that do es not exist in W eb cac hing

sc hemes. If a ma jorit y of clien ts can only a�ord to receiv e

a lo w qualit y v ersion of stream s , the pro xy can cac he only

the lo w qualit y (and th us smaller) v ersion of the stream

to impro v e cac he utilization. T o adaptiv ely increase or de-

crease qualit y of cac hed streams, the pro xy should imple-

men t �ne-gr aine d pr efetching and �ne-gr aine d r eplac ement

mec hanisms, resp ectiv ely . F urthermore, the serv er should

pro vide access to a p ortion of a la y ered enco ded stream.

Most of the w ork on design and dev elopmen t of m ulti-

media pro xy cac hes has only fo cused on the �rst issue and

treated m ultimedia streams in an atomic fashion similar to

W eb ob jects. These approac hes could result in p o or cac he

utilization since m ultimedia streams are orders of magnitude

larger than t ypical W eb ob jects. Admittedly , unp opularit y

of the la y ered approac h is in part due to lac k of supp ort for

la y ered enco ded streams b y ma jor con ten t pro viders. Most

of the previous w ork on m ultimedia pro xy cac hing address

neither net w ork bandwidth heterogeneit y nor the need for

rate and qualit y adaptation. Therefore, they are not suitable

for the In ternet. T o the b est of our kno wledge, Mo c ha is the

�rst qualit y adaptiv e pro xy cac he for m ultimedia streams.

Design and ev aluation of m ultimedia pro xy cac hes are still

immature in compare to W eb cac hing sc hemes. Judging

based on the w ork on W eb cac hing sc hemes, design and

ev aluation of m ultimedia pro xy cac hing mec hanisms clearly

require substan tially more in v estigation.

This pap er presen ts the design and implemen tation of

Mo cha , a m ultimedia pro xy cac he for la y ered enco ded streams

on top of Squid[2]. Mo c ha's k ey con tribution is its abilit y

to p erform qualit y adaptiv e cac hing. Mo c ha cac hes p opular

streams and adaptiv ely adjusts qualit y of cac hed streams

based on b oth stream p opularit y and a v ailable bandwidth

to in terested clien ts. Mo c ha lev erages la y ered structure of

streams to implemen t �ne-grained replacemen t and �ne-

grained prefetc hing mec hanisms. Therefore, Mo c ha is able

to maximize deliv ered qualit y for a group of heterogeneous

clien ts without compromising cac he space utilization. W e

address the high lev el arc hitecture of Mo c ha and discuss the

main issues and c hallenges in the design of k ey comp onen ts

of the arc hitecture. W e v alidate our protot yp e through v ar-

ious exp erimen ts, and presen t some of our preliminary re-

sults.

Mo c ha requires a clien t-serv er arc hitecture that supp orts

la y er-enco ded streaming in order to adapt qualit y of cac hed

streams. Mo c ha can also b e used for cac hing non-la y ered en-

co ded streams. Ho w ev er, it can not adjust qualit y of cac hed

streams in this scenario. W e ha v e protot yp ed a mo dular

clien t-serv er arc hitecture [3] for deliv ery of la y ered enco ded

stream as sho wn in Figure 2. Clien t and serv er use R TSP [4]

for signaling. The serv er p erforms congestion con trol [5] to

determine fair share of bandwidth. Then a la y ered qualit y

adaptation mec hanism [6] matc hes the n um b er of transmit-

ted la y ers with a v erage bandwidth. Although w e are in ter-

ested in unicast streaming, w e used R TP [7] for data pac k-

ets and R TCP for ac k pac k ets. Eac h la y er is transmitted

through a separate R TP session. Ho w ev er, congestion con-

trol is collectiv ely p erformed across all R TP sessions. The

clien t receiv es pac k ets of di�eren t la y ers and rebuilds the

stream in a reorganization bu�er b efore sending the stream

to the displa y .

The rest of this pap er is organized as follo ws: Section

2 justi�es wh y w e dev elop ed Mo c ha on top of Squid and
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Figure 2: Clien t-serv er Arc hitecture

sk etc hes the high lev el arc hitecture of Mo c ha b y describing

request managemen t in Mo c ha. Section 3 addresses design

issues and c hallenges for the k ey comp onen ts of Mo c ha. In

Section 4, w e rep ort some preliminary exp erimen tal results.

Section 5 brie
y reviews related w ork. Finally , Section 6

concludes the pap er and addresses our future directions.

2. ARCHITECTURE
Mo c ha w as dev elop ed on top of op en-source co de Squid[2].

Our main motiv ation w as to lev erage generic comp onen ts

of Squid (suc h as request pro cessing, storage and memory

managemen t, and general utilit y routines for memory allo-

cation and ev en t handling) that can b e reused for m ultime-

dia cac hing with little or no mo di�cation. F or example, w e

to ok adv an tage of similarit y in message pro cessing b et w een

HTTP and R TSP , and simply replace HTTP routines with

their R TSP corresp onden t. Therefore, w e only needed to

add those comp onen ts that are required to cac he and re-

pla y la y ered enco ded streams. This substan tially reduced

our protot yping and debugging phases. Ob viously , building

on top of Squid in tro duced a few restrictions and limita-

tions. F or example, w e needed to extend storage manage-

men t routines suc h that all la y ers of a cac hed stream are

collectiv ely view ed as a single ob ject b y Squid. More imp or-

tan tly , Squid's �le system is probably not optimized to store

and retriev e m ultimedia streams. Th us, it is lik ely that our

curren t implemen tation do es not scale to a large n um b er of

clien ts. F ortunately , Squid has a mo dular structure and w e

can replace its �le system routines whenev er it b ecomes a

b ottlenec k. Another k ey requiremen t for e�cien t handling

of streaming ob jects is managemen t of disk bandwidth. W e

plan to add suc h a managemen t mec hanism to ac hiev e high

p erformance in a near future. Placemen t and retriev al of

m ultimedia streams ha v e b een extensiv ely studied in the

con text of m ultimedia serv ers ( e.g. , [8]). Our goal is to study

transp ort issues for ob ject managemen t across the In ternet

rather than w ell-understo o d lo cal resource managemen t is-

sues at the pro xy .

Mo c ha app ears as a clien t for a serv er and as a serv er for

a clien t. Figure 3 depicts the in ternal arc hitecture of Mo c ha

as a com bination of a clien t and a serv er. W e explain the

functionalit y of individual comp onen ts b y describing request

managemen t in Mo c ha.
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Figure 3: In ternal Arc hitecture of Mo c ha

2.1 Request Management
Request manager(RM) mo dule handles all the R TSP sig-

naling b et w een Mo c ha and clien t or serv er. Up on arriv al of

a SETUP request for a stream s , RM c hec ks the a v ailabilit y

of s in the cac he, and one of the follo wing scenarios o ccurs:

� Cac he Miss: If s is missing from the cac he, RM rela ys

all R TSP messages in b oth directions b et w een clien t

and original serv er (or another pro xy dep ending on

con�guration). Mo c ha also rela ys data and ac kno wl-

edgmen t(A CK) pac k ets in b oth directions as sho wn in

Figure 4. Ob viously , pac k et rela ying pro cess will in tro-

duce a dela y but w e exp ect the dela y to b e small under

mo derate load on the pro xy . Therefore, the serv er ef-

fectiv ely measures losses and round-trip-time(R TT) of

the serv er-clien t connection, and adapts its transmis-

sion rate and deliv ered qualit y ( i.e. , n um b er of la y ers)

accordingly . This implies that on a cac he miss, the

session is end-to-end and qualit y of the pla y ed bac k

stream is limited b y the b ottlenec k bandwidth, i.e. ,

pro xy can not impro v e deliv ered qualit y on a miss.

Notice that the original serv er can send either a stored

or ev en a liv e stream. Mo c ha can in tercept all trans-

mitted data pac k ets and cac he a cop y of the deliv ered

stream.
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� Cac he Hit: If a cop y of s is a v ailable in the cac he,

Mo c ha acts as a serv er and directly replies to all R TSP

messages as sho wn in Figure 5. Up on arriv al of PLA Y

request from clien t, Mo c ha initiates deliv ery of cac hed

stream while p erforming rate and qualit y adaptation

based on the state of the pro xy-clien t connection. If

the qualit y of the cac hed stream is lo w er than the

maxim um deliv erable qualit y to the clien t, prefetc h-

ing manager establishes a prefetc hing session to the

serv er to prefetc h missing parts of cac hed la y ers as

w ell as higher la y ers of requested stream on a demand-

driv en fashion. Th us on a cac he hit, Mo c ha should

manage b oth pla ybac k and prefetc hing sessions suc h

that prefetc hed segmen ts arriv e b efore their pla y out

times to b e prop erly merged with the pla ybac k stream.

Fine-grained prefetc hing is discussed in more details in

subsection 3.2.

3. MAIN COMPONENTS
In this section, w e discuss the design and implemen ta-

tion of three k ey comp onen ts that are unique in Mo c ha:

Obje ct Management , Fine-gr aine d Pr efetching , and Fine-

gr aine d R eplac ement .

3.1 Object Management
Mo c ha cac hes R TP pac k ets instead of their ra w pa yload.

Although cac hing header of R TP pac k ets reduces cac he space

utilization, the pro xy do es not need to deal with v arious pa y-

load formats and b ecomes con ten t-indep enden t. Mo c ha re-

lies on R TP sequence n um b er to detect missing segmen ts of

a la y er, and uses R TP time-stamp (and mark er bit) to store

and pla y bac k R TP pac k ets prop erly . Mo c ha can also main-

tain a few w ell-accepted R TP pro�les to prop erly in terpret

R TP header information.

One of the main c hallenges in the design of storage man-

agemen t for Mo c ha w as to store and access partially cac hed

la y ers of a single stream e�cien tly . Since W eb cac hes store

or 
ush an ob ject in an atomic fashion, w e needed to ex-

tend Squid's data structures to main tain information ab out

cac hed segmen ts of all la y ers. F urthermore, all la y ers of

eac h stream should b e collectiv ely view ed as a single ob ject
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b y Squid in order to reuse its basic ob ject managemen t fea-

tures ( e.g. , c hec king hit or miss scenarios). Squid main tains

a StoreEn try for eac h ob ject where ob ject-sp eci�c informa-

tion is k ept. Figure 6 sho ws ho w w e extended Squid's data

structures to manage la y ered enco ded streams in Mo c ha.

P ac k ets of eac h la y er of a cac hed stream are stored in a sep-

arate �le. Eac h �le con tains a collection of chunks where

a c h unk consists of a group of con tiguous pac k ets. Lo ca-

tion of a pac k et in a c h unk can b e easily calculated if all

pac k ets ha v e the same size. But in a general case, pac k ets

can b e v ariable in size. T o allo w quic k tra v ersal within a

c h unk, w e in terlea v ed p oin ters to the next pac k et b et w een

ev ery t w o pac k ets in eac h c h unk. In order to quic kly lo cate

a sp eci�c c h unk, Mo c ha main tains a link ed list in memory

for eac h la y er of an activ e stream that is b eing pla y ed bac k.

Eac h elemen t of the link ed list p oin ts to one or a group of

c h unks on disk. Th us b y tra v ersing the link ed list, Mo c ha

can rapidly iden tify the lo cation of a sp eci�c c h unk on disk

and minimize disk access. The bigger the c h unk size, the

shorter the link ed list, but it tak es longer to reac h a sp eci�c

pac k et within a c h unk.

Mo c ha treats a c h unk as a an atomic unit, i.e. , all pac k-

ets of a c h unk are cac hed or replaced together. When a

hole in sequence n um b er is detected or N con tiguous pac k-

ets arriv e, all the previously receiv ed pac k ets are cac hed as a

c h unk. While c h unks can ha v e v ariable sizes, Mo c ha limits

the maxim um n um b er of pac k ets in a c h unk ( i.e. , N ). When

a missing pac k et arriv es during prefetc hing, t w o small adja-

cen t c h unks can b e consolidated. The in teractions b et w een

consolidation and �ne-grained replacemen t result in a set of

pseudo-balanced c h unks.

3.2 Fine­grained Prefetching
Mo c ha implemen ts online �ne-grained prefetc hing in order

to impro v e the deliv ered qualit y of a cac hed stream. When

the qualit y of a cac hed stream is lo w er than the maxim um

deliv erable qualit y to an in terested clien t, Mo c ha initiates a

connection to the serv er and acts as a clien t. Then it sends

prefetc hing requests for missing pieces of activ e la y ers that

are lik ely to b e needed during the pla ybac k. Eac h missing

pac k et should b e prefetc hed b efore its pla y out time. Since

the prefetc hing session is congestion con trolled, the a v ailable
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Figure 7: Online Prefetc hing in Mo c ha

serv er-pro xy bandwidth is not kno wn a priori and could v ary

in time. The a v ailable prefetc hing bandwidth should b e used

e�cien tly to deliv er missing pac k ets in a prioritized fashion

suc h that prefetc hing session remains lo osely sync hronized

with the pla ybac k session.

T o ac hiev e this, w e devised a sliding windo w approac h to

prefetc hing that is illustrated in Figure 7. A t time t dur-

ing pla ybac k, the prefetc hing manager examines a windo w

of time in the future ([ t + T , t + T + � ]) to iden tify re-

quired pac k ets that are missing. If required segmen ts are in

the cac he, they are fetc hed in to the memory cac he to a v oid

an y p oten tial dela y during disk access. A t the same time,

Mo c ha sends a single prefetc hing request whic h con tains an

ordered list of all required but missing pac k ets of this win-

do w. Requested pac k ets are ordered based on their imp or-

tance, i.e. , based on la y er n um b er and within a la y er based

on their pla y out time in a round-robin fashion as n um b ered

in Figure 7. The serv er deliv ers requested segmen ts in the

sp eci�ed order through a congestion-con trolled connection.

Th us, in the absence of su�cien t prefetc hing bandwidth,

only the most imp ortan t segmen ts are deliv ered. After p

seconds, Mo c ha examines the next prefetc hing windo w and

sends another prefetc hing request to the serv er. T o k eep

pla ybac k and prefetc hing sessions lo osely sync hronized, eac h

prefetc hing request will pre-empt an y previous prefetc hing

request. In summary , online prefetc hing has three param-

eters, 1) � , length of prefetc hing windo w, 2) T , lo ok-ahead

distance and 3) p , sliding p erio d where p � � . If p < � , there

is an o v erlap b et w een adjacen t windo ws whic h results in a

more conserv ativ e use of prefetc hing bandwidth.

The \Range" header �eld of R TSP PLA Y metho d w as

used to prefetc h a group of con tiguous pac k ets of a la y er. W e

extended the \Range" header �eld to carry m ultiple ranges

of sev eral la y ers in a single R TSP message. Another issue

w as sequen tial pro cessing of R TSP PLA Y requests. T o allo w

a new prefetc hing request to pre-empt previous prefetc hing

requests, w e in tro duced a new t yp e of Range �eld in R TSP

that can b e o v er-written b y new Range requests.

Besides the data structures describ ed in Section 3.1, Mo c ha

main tains status of cac hed pac k ets of all la y ers of a stream

in a bitmap. The bitmap is used to implemen t the sliding

windo w approac h e�cien tly b ecause missing pac k ets can b e

iden ti�ed without accessing the hard disk. A t an y p oin t of

time, only bitmaps of activ e streams are k ept in the mem-

ory . W e plan to add an o�-line prefetc hing mec hanism to

Mo c ha.



3.2.1 Memory Caching
Squid has a built-in memory cac he on top of storage that

holds p opular ob jects in a LR U fashion to minimize disk ac-

cess. Mo c ha lev erages this memory cac he with some mo d-

i�cations to impro v e cac he p erformance. On a cac he hit,

the memory cac he temp orarily lo c ks cac hed pac k ets that are

fetc hed from disk ahead of time as w ell as prefetc hed pac k-

ets from the serv er un til they are pla y ed out or their pla y out

times expire. Therefore, at an y p oin t of time, a windo w of

fetc hed or prefetc hed pac k ets are main tained in the memory

cac he.

3.3 Replacement Policy
W e mo di�ed Squid replacemen t p olicy to implemen t �ne-

grained replacemen t mec hanism. Squid p erio dically in v ok es

replacemen t routines and if the amoun t of total cac hed data

is higher than a con�gured high-w ater mark, a su�cien t

n um b er of least p opular ob jects are evicted. W e basically

replaced the victim selection mec hanism.

In order to implemen t �ne-grained replacemen t, w e need

to de�ne �ne-grained p opularit y , i.e. , assign p opularit y v al-

ues to pieces of a stream. Since qualit y of a cac hed stream

is determined b y the n um b er of cac hed la y ers, Mo c ha as-

signs p opularit y to individual la y ers. P opularit y of la y er i

of stream s is de�ned as follo ws:

P

i

( t ) =

P

t

x 2 [ t � � ;t ]

w hit ( x; i ),

w hit ( x; i ) =

P lay T ime ( x;i )

S tr eamLeng th ( s )

where w hit ( i; x ) is w eig hted hit of la y er i during session

x . W e used the cum ulativ e v alue of w hit across all sessions

o v er a recen t windo w of time ([ t � �.. t ]) as p opularit y of

a la y er. This de�nition of p opularit y captures b oth lev el

of in terest among clien ts and a v ailable bandwidth to in ter-

ested clien ts[1]. Consequen tly , lo w er la y ers of an unp opular

stream migh t b e 
ushed b efore higher la y ers of streams that

are p opular among high bandwidth clien ts. F urthermore,

this de�nition guaran tees that within a single stream, p op-

ularit y monotonically decreases with la y er n um b er, i.e. , the

victim la y er is alw a ys the highest la y er of a cac hed stream.

P opularit y of all cac hed la y ers are main tained in a sorted

link ed list, called p opularity list . Th us, a victim la y er is

alw a ys at the end of the list. A t the end of eac h session,

w hit and p opularit y of activ e la y ers are up dated and their

lo cation in the p opularit y list is c hanged accordingly .

Although Mo c ha k eeps trac k of p opularit y of individual

la y ers, replacemen t is p erformed at a p er c h unk basis to

ac hiev e high cac he space utilization. When the amoun t of

cac hed data exceeds the high w ater mark, Squid in v ok es

Mo c ha's replacemen t routine. The least p opular la y er is se-

lected as victim and c h unks of a victim la y er are 
ushed from

the end to the b eginning, un til total amoun t of cac hed data

is less than the high w ater mark. The in teractions b et w een

�ne-grained replacemen t and sliding windo w approac h to

prefetc hing smo oth out qualit y of cac hed streams.

Fine-grained replacemen t can p oten tially result in thrash-

ing where pac k ets of a cac hed la y er are 
ushed in order to

mak e ro om for prefetc hed pac k ets of a higher la y er of the

same stream. T o prev en t suc h b eha vior, Mo c ha emplo ys

a simple lo c king mec hanism. Mo c ha lo c ks all activ e la y ers

that are b eing pla y ed bac k for the en tire duration of the

session.

4. EXPERIMENTS
W e are curren tly v alidating our protot yp e implemen ta-

tion. In this section, w e brie
y presen t some of our prelim-

inary results to illustrate the basic features of Mo c ha. Our

data set consists of 50 streams with 6 la y ers, and the band-

width of all la y ers is 6 Kbps. Stream lengths w ere c hosen

randomly within the range of [30sec.. 180sec]. W e generate

a request sequence with 5000 requests and Zipf-lik e p opu-

larit y distribution with prop er temp oral lo calit y . P opularit y

of streams monotonically decreases with stream ID, i.e. , s

0

is the most p opular. The cac he size is 30% of the size of

data set. The v alue of p opularit y windo w is in�nite (� =

1 ). W e use the top ology in Figure 1, and a clien t-serv er

arc hitecture that is similar to Figure 2.

First, w e examine the b eha vior of �ne-grained replace-

men t mec hanism when the online prefetc hing mec hanism is

turned o�. W e conduct an exp erimen t with a single clien t

where pro xy-clien t bandwidth is only 24 Kbps ( i.e. , 4 la y ers)

and serv er-pro xy bandwidth is more than 36 Kbps ( i.e. , 4

la y ers). Figure 8 depicts v ariations in qualit y of three cac hed

streams ( s

0

, s

25

, s

49

) with minim um, mo derate and maxi-

m um p opularit y during the exp erimen t, resp ectiv ely . The

time of eac h request for these three represen tativ e streams

is also sho wn at the top of Figure 8. This �gure clearly illus-

trates the impact of stream p opularit y on dynamics of cac he

replacemen t. s

0

quic kly b ecomes p opular and all 4 la y ers are

cac hed for the en tire exp erimen t. s

49

nev er b ecomes su�-

cien tly p opular to sta y in the cac he, th us all la y ers of s

49

are

alw a ys pla y ed bac k from the serv er and are remo v ed from

the cac he after a short p erio d. After sev eral close requests

for s

25

early in the exp erimen t ( r eq uest number < 500), all

4 la y ers of s

25

are cac hed. Then its qualit y is gradually de-

graded since other streams b ecome more p opular than s

25

.

Since the �ne-grained prefetc hing mec hanism is turned o�,

higher la y ers of s

49

are not prefetc hed ev en when it b ecomes

more p opular later in the exp erimen t.

Next, w e turned on the �ne-grained prefetc hing mec ha-

nism to examine its in teractions with the �ne-grained re-

placemen t mec hanism in the presence of t w o heterogeneous

clien ts with 36Kbps ( i.e. , 6 la y ers) and 12Kbps ( i.e. , 2 la y-

ers) bandwidth. W e use a smaller data set with 20 streams
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where stream lengths are c hosen randomly within the range

of [30sec .. 180sec]. W e generate a request sequence with

Zipf-lik e p opularit y distribution and prop er temp oral lo cal-

it y . T o examine the e�ect of clien t bandwidth, 70% of total

requests for eac h stream are issued b y the high bandwidth

clien t and the rest are issued b y the lo w bandwidth clien t.

Cac he size is 30% of the size of data set. Figure 9 depicts

the v ariations in qualit y of three represen tativ e streams ( s

0

,

s

12

, s

19

) with minim um, mo derate and maxim um p opular-

it y during the exp erimen t, resp ectiv ely . The time of eac h

high and lo w bandwidth request for these three represen-

tativ e streams are sho wn at the top of this �gure. All 6

la y ers of the most p opular stream ( s

0

) are brough t in to the

cac he at the b eginning and sta y in the cac he for the rest

of the exp erimen t. All 6 la y ers of the mo derately p opular

stream ( s

12

) are cac hed after eac h request from the high

bandwidth clien t. Note that the top 4 la y ers of s

12

are only

pla y ed in sessions for high bandwidth clien ts whereas the

lo w er t w o la y ers of s

12

are pla y ed in all requests. Therefore,

the lo w er t w o la y ers are su�cien tly p opular to sta y in the

cac he for the en tire exp erimen t. The top 4 of la y ers are of-

ten prefetc hed and cac hed for a limited p erio d dep ending

on temp oral lo calit y of requests from the high bandwidth

clien t for s

12

. Similar to the previous exp erimen t, required

la y ers of the unp opular stream ( s

19

) are alw a ys pla y ed bac k

from the serv er and sta y in the cac he only for a short p erio d

of time since they are not su�cien tly p opular. Therefore,

prefetc hing is not triggered for this stream.

Figure 10 sho ws a v erage deliv ered qualit y of all streams

o v er the en tire exp erimen t as a function of stream ID. Ide-

ally , a v erage deliv ered qualit y of eac h stream should mono-

tonically decrease with stream p opularit y . Although Fig-

ure 10 sho ws a decreasing trend in a v erage p opularit y of

cac hed streams, it is clearly not a monotonic decrease. A

closer examination of our results rev ealed that this b eha vior

is caused b y our LFU replacemen t algorithm. The c hoice of

� = 1 implies that our replacemen t algorithm is a v arian t

of the Least F requen tly Used (LFU) algorithm. LFU-based

algorithms ha v e the w ell kno wn anomaly that temp oral dis-

tribution of requests pla ys a signi�can t role in determining

the p opularities of the streams in the cac he [9]. A less p op-

ular stream can sta y in the cac he for a long time if a large

n um b er of requests for this stream arriv es early in the ex-

p erimen t. This suggests the use of limited v alues for � in

order to age the stream p opularities with time similar to

LR U algorithm. W e are curren tly examining the e�ect of

v arious replacemen t algorithms.

5. RELATED WORK
Multimedia pro xy cac hing is a new researc h area that has

not b een su�cien tly explored. During recen t y ears, a few

commercial m ultimedia pro xy cac hes ha v e b een dev elop ed

[10, 11, 12]. While there is no tec hnical information ab out

these pro ducts, they apparen tly consist of a W eb cac he that
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is bundled with a media pla y er. There are n umerous w orks

on pro xy cac hing mec hanism for W eb ob jects ( e.g. , [13, 14]).

Ho w ev er, due to the larger size of m ultimedia streams com-

pared to W eb ob jects and streaming nature of deliv ery , ex-

isting pro xy cac hing sc hemes seem to b e ine�cien t for m ul-

timedia streams. The MiddleMan arc hitecture [15] is a col-

lection of co op erativ e pro xy serv ers that collectiv ely act as a

video cac he for a w ell-pro visioned lo cal net w ork (e.g. LAN).

Video streams are stored across m ultiple pro xies where they

can b e replaced at a gran ularit y of a blo c k. They examine

p erformance of the MiddleMan arc hitecture with di�eren t

replacemen t p olicies.

A class of cac hing mec hanisms for m ultimedia streams

prop ose to cac he only selected p ortions of m ultimedia streams

to impro v e deliv ered qualit y . Clearly , these solutions do not

decrease the load on the serv er (or the net w ork). T o smo oth

out the pla ybac k of v ariable bit rate video streams, w ork in

[16] prop oses a tec hnique called Video staging. The idea is

to prefetc h and store selected p ortions of video streams in

a pro xy to reduce burstiness of the stream during the pla y-

bac k. Sen et al. [17] also presen t a pre�x cac hing mec hanism

to reduce startup latency . W ork in [18] suggests cac hing

only selectiv e frames of a media stream based on the en-

co ding prop erties of the video and clien t bu�er size in order

to impro v e robustness against net w ork congestion. W ork in

[19] presen ts a cac hing arc hitecture for m ultimedia streams,

called SOCCER. SOCCER consists of a self-organizing and

co op erativ e group of pro xies. W ork in [20] describ es design

and implemen tation issues of a single pro xy in the SOC-

CER arc hitecture that implemen ts LR U replacemen t algo-

rithm. They fo cus mostly on issues suc h as segmen tation

of m ultimedia streams and request aggregation. W ork in

[21] studies the la y ered video cac hing problem using an an-

alytical rev en ue mo del based on a sto c hastic knapsac k. The

authors also dev elop sev eral heuristics to decide whic h la y ers

of whic h streams should b e stored in the cac he to maximize

the accrued rev en ue.

In the con text of media serv ers, v arious cac hing strategies

of m ultimedia streams in main memory ha v e b een studied

in prior w ork[22, 23]. The idea is to reduce disk access b y

grouping requests and retrieving a single stream to serv e the

en tire group. T ew ari et al. [24] presen t a disk-based cac he

replacemen t algorithm for heterogeneous data t yp e, called

Resource Based Cac hing(RBC). RBC considers the impact

of resource requiremen t of eac h stream ( i.e. , bandwidth and

space) on cac he replacemen t algorithms. W ork in [25] fur-

ther examined the RBC algorithm and presen ted a h ybrid

LFU/in terv al cac hing strategy .

Most of the previous w ork on m ultimedia pro xy cac hing

treat m ultimedia streams similar to W eb ob jects ( i.e. , p er-

form atomic replacemen t). In our earlier w ork, w e presen ted

o v erall design of a cac hing mec hanism for la y ered-enco ded

stream[26]. Then, w e examined o v erall p erformance of the

prop osed sc heme through sim ulation in [1]. Mo c ha is the

�rst implemen tation of our prop osed pro xy cac hing sc heme

for m ultimedia streams o v er the In ternet. Mo c ha allo ws us

to explore v arious t yp es of real-w orld issues. Our w ork com-

plemen ts previous w ork on m ultimedia pro xy cac hing. More

sp eci�cally , Mo c ha con tributes the idea of qualit y adaptiv e

cac hing.

6. CONCLUSIONS AND FUTURE WORK
This pap er describ ed the design and implemen tation of

a qualit y adaptiv e m ultimedia pro xy cac he, called Mo c ha.

W e justi�ed the need for qualit y adaptiv e cac hing of m ulti-

media streams o v er the In ternet and argued that la y ered

enco ding presen ts the most e�cien t approac h to qualit y

adaptiv e cac hing of m ultimedia streams. Mo c ha p erforms

�ne-grained prefetc hing mec hanism and uses �ne-grained

replacemen t mec hanism to maximize b oth deliv ered qual-

it y storage e�ciency sim ultaneously . W e presen ted Mo c ha's

arc hitecture and k ey comp onen ts of our protot yp ed imple-

men tation on top of Squid. Our preliminary results sho w

that Mo c ha can prop erly adapt the qualit y of a cac hed

stream based on its p opularit y and on the a v ailable band-

width b et w een the pro xy and in terested clien ts. W e also

observ ed that LFU-based replacemen t algorithms are sensi-

tiv e to temp oral distribution of requests.

W e plan to con tin ue this w ork in a couple of directions.

First, w e are de�ning a new ev aluation metho dology for m ul-

timedia cac hes. The notion of deliv ered qualit y for cac hed

streams rev eals that traditional p erformance ev aluation met-

rics ( e.g. , Byte hit ratio) for W eb cac hing are neither w ell-

de�ned nor su�cien t for ev aluation of m ultimedia pro xy

cac hing mec hanisms. Instead, p erformance ev aluation of

m ultimedia cac hing mec hanisms should b e examined along

t w o dimensions 1) o v erall qualit y of deliv ered streams, and

2) abilit y of the cac he in reducing the o�ered load to the

net w ork.

Second, w e use this ev aluation metho dology to conduct

exhaustiv e p erformance ev aluation of �ne-grained replace-

men t and �ne-grained prefetc hing mec hanisms under more

realistic w orkload and bac kground net w ork tra�c. W e also

need to examine sensitivit y of �ne-grained replacemen t and

�ne-grained prefetc hing mec hanisms to their main parame-

ters. W e also plan to compare p erformance of our replace-

men t algorithm with other prop osed algorithms for m ulti-

media cac hes in the literature. W e plan to explore the e�ec-

tiv eness of o�-line prefetc hing.

Finally , w e plan to incorp orate utilit y ( i.e. , imp ortance on

p erceiv ed qualit y) of individual la y ers in replacemen t and

prefetc hing mec hanisms. Our curren t approac h assumes a

linear utilit y function where all la y ers result in similar im-

pro v emen t in p erceiv ed qualit y . Ho w ev er, most of the ex-

isting la y ered enco ded streams exhibit a non-linear utilit y



( e.g. , PSNR) b eha vior across di�eren t la y ers. The replace-

men t and prefetc hing mec hanism should consider b oth p op-

ularit y and utilit y of a la y er in order to minimize the load on

the net w ork while maximizing the o v erall deliv ered qualit y .
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