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Abstract—

This paper proposes a new scheme for data diffusion in
hierarchical caches. In hierarchical caches derived from the
Harvest project, the data diffusion is achieved by the follow-
ing algorithm: whenever an object comes down the hierar-
chy, it is cached at each caching node along the path. More-
over, when an object is dropped from the cache, neither the
object itself nor any meta-informatien associated with it is
passed up in the hierarchy. These policies result in ineffi-
cient placement and replication of objects in the caches. We
propose a new algorithm in which each caching node main-
tains a reference count of the number of requests that ar-
rive for each object over a certain window of time. This ob-
ject meta-information is passed up the hierarchy when the
object is dropped from the cache. Furthermore, when the
object comes down the hierarchy, at each caching node the
reference count of all the objects in the cache including that
of the incoming object is nsed to make a caching decision.
The proposed algorithm places and replicates objects in the
cache based on their relative demands - popular objects are
cached at lower levels while unpopular objects are placed
at higher levels. This significantly reduced bandwidth usage
and object download times particularly when cache space is
limited. Using a simulation model, the above result is shown
through a detailed sensitivity analysis with respect to cache
size, number of ohjects, request rate, and network topology.

Keywords—Hierarchical caching, Data diffusion, Coordi-
nated cache replacement, Reference counting, Performance
comparison.

1. INTROBUCTION

EB caching takes advantage of the high volume

of redundant traffic in the Internet by storing
frequently-accessed data close to the request sources [8]
[11]. User requests are fulfitled quickly and locally, by-
passing the possibly far away and heavily loaded server
and congested intermediate links. The simplest level of
caching takes place at the Web browser (WWW client)
where copies of frequently requested objects are main-
tained on disk and memory so that subsequent requests by
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the user for those objects can be satisfied quickly. Another
level of caching takes place at the proxy servet, which typ-
ically satisfies requests from a pool of clients [12] [13] [1].
A file requested by one user and cached at the proxy server
can be used to satisfy subsequent requests for that file by
other users.

A higher degree of sharing of client requests is achieved
by creating even larger client pools. This is done by creat-
ing a mesh of cooperative caching servers that behave as if
it were a single large cache. In this scheme, a request that
comes to a caching server can be served by any caching
server in the mesh that has the associated object. Because
the number of requests aggregated over all the caches is
significantly higher than that of a single cache, the cache
hit rates are correspondingly higher. A key design issue
in such caching meshes is the logical organization of the
participating caches, Two schemes have been suggested in
the literature, namely. hierarchical caching and directory-
based caching. This paper focuses on hierarchical caching.

In hierarchical caching [7] [2] [6], the servers in the
caching mesh are organized in a hierarchy. A typical hi-
erarchy consists of client caches at the fringes of the In-
ternet, institutional caches at the *‘gateway” to the Internet,
regional caches at the interconnects to the backbones, and
finally, national caches. The hierarchical organization of
caching meshes tends to map well to the hierarchical topol-
ogy of the Internet, where traffic from multiple sources are
aggregated at one level is fed into a higher capacity “con-
centrator” at the next level.

There are two key objectives in the the design of hier-
archical caches. The first objective is to ensure that popu-
lar objects are cached at the lower levels of the hierarchy,
while the less popular objects are cached at higher lev-
els. The second objective g to ensure that when thare is 4
cache miss at a particular caching server, the request is sat-
isfied by some caching server in the same or higher level,
thus precluding the need for the request to be serviced by
the origin server'. These objectives reduce the average la-

In the remainder of this paper, we will use this term to represent the



tency perceived by the user and the overall network traffic.
Both objectives, particularly the first one, depend on the
data diffusion sirategy and the cache replacement strategy.
These strategies determine how the objects are placed in
the various caching server in the hierarchy.

In this paper, we focus on the data diffusion strategy
in hierarchical web caches that originated from the Har-
vest project [0]. Popular hierarchical caches derived from
Harvest include the commercial product NetCache and the
public-domain Squid caches [14]. Harvest’s data diffusion
strategy tries to replicate objects in the caching mesh using
a very simple strategy: when an object is retrieved from
the origin server or a caching server, it is cached at ev-
ery caching server along the path to the client. Moreover,
the cache replacement policy is a purely local operation.
When an object is dropped from a cache, neither the ob-
ject itself, nor any meta-information associated with it, is
passed to other caching servers in the hierarchy. As we ar-
gue later, these strategies have associated penalties; when
the cache space is limited, they do not result in efficient
placement and replication of objects in the various caches.

This paper proposes a new data diffusion strategy for
hierarchical caches. In this scheme each caching server lo-
cally maintains a measure of the “popularity” of each ob-
ject, keeping a reference count of the number of requests
for an object that arrives at a node over a certain win-
dow of time. This object meta-information s used to carry
out a co-ordinated cache replacement policy. In particular,
when a object is dropped from a cache, the reference count
{meta-information) of the object is propagated up the hier-
archy and aggregated with the local reference count at each
level. Furthermore, the meta-information is propagated up
to the level where the object is (or will be subsequently)
cached. Finally, when the object comes down the hierar-
chy, at each caching node the reference count of all the ob-
jects in the cache including that of the incoming object is
used to make a caching decision. This co-ordinated policy
places and replicates objects in the cache that correspond
to their current demands.

Based on detailed simulation analysis, we show that the
way objects are distributed across the hierarchy in Harvest-
derived caches [7] is inefficient. Our data diffusion scheme
performs better than the Harvest scheme in that both the
object download time and the bandwidth usage are lower.
The benefits of our scheme arc greatest when the cache
size is small. While the gains are higher in case of topolo-
gies that are strictly hierarchical (like trees), the gains are
significant even for mesh-like topologies.

The rest of the paper is organized as follows. In Sec-

node that is the original and permanent repository of the object.

tion II we outline the key ideas of hierarchical caching and
describe the data diffusion scheme in caches derived from
Harvest. In Section II1, we describe the new data diffusion
scheme. In Section IV, we describe the simulation model
and the methods used for generating the client request pro-
file. In Section V, we present the results. In Section VI we
discuss our research in the context of other ongoing and
related research. Finally, in Section VII, we give a sum-
mary of the results and highlight some future directions
for research.

1. HIERARCHICAL CACHING
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Fig. 1. An example hierarchical cache arrangement (referred
later to as Topology 1.

A typical organization of a hierarchical cache is illus-
trated in Figure 1. Each caching nodes has a parent, sev-
eral siblings, and children. The term *“neighbor” is used
to refer to either a parent or siblings which are one cache-
hop away. The caches in a caching hierarchy use the Inter-
net Cache Protocol (ICP) [16] to communicate with each
other.

The request resolution protocol in hierarchical caching
is simple. When a cache gets a request, it checks whether
it has the requested object. If it has the object, it satis-
fies the request by serving the file from its cache. Oth-
erwise, it multicasts an ICP request to its neighbors. If
one of the neighbors responds positively, a neighbor hit,
then the object is retrieved from that neighbor. If multiple
neighbors respond positively, the object is retrieved from
the neighbor with the lowest measured latency. If none
of the neighbors has the file, a neighbor miss, which is
known either through a negative response or a timeout, the
request is either forwarded to a selected parent which re-
peats the process or the request is sent directly to the origin
server. If the request misses at each level of the hierarchy, a
top-level parent fetches the object from the source, caches
it, and passes it down the hierarchy to the leaf node that



originated the request. The following are some potential
drawbacks with this approach [14].
« The cache coverage available to any cache is not
“global” in the sense that a cache cannot benefit from ob-
jects that are cached in its “cousins” and their descendents.
This is because requests only go up the hierarchy, never
down.
» Fetched objects typically have to pass through several
intermediate caching servers before reaching the original
requester. Tewari et. al. [153] show that this leads to re-
markably high latencies in some configurations, motivat-
ing shallower hierarchies. It also increases the load on the
higher level servers, which have to field the cache misses
from all their descendents.
+» Lost ICP messages or busy neighbor caches can increase
miss latencies. A caching server has to await for the “neg-
ative” responses from all its neighbors or time out before it
can forward that query to its parent. The deeper the cache
hierarchy, the higher is the miss latencies as the querying
process has to through a higher number of levels.

As a result of these potential drawbacks, it is criti-
cal from performance point of view to obtain an efficient
global distribution of objects across the caching hierarchy.

A. Data Diffusion in Hierarchical Caches - The Harvest
Wy

The data diffusion strategy in the Harvest scheme tries
to replicate objects in the caching mesh. This is achieved
by caching the object at every node along the path when
it comes down the hierarchy. The motivation for caching
the object at all nodes in the downward path is that sub-
sequent requests for the object would have multiple points
in the caching hierarchy from where it could get satisfied,
thus decreasing the likelihood that a subsequent request
would need to be satistied by the origin server. This, how-
ever, has associated penalties, in that when the the cache
space is full, some existing {potentially more popular) ob-
ject would have to be dropped to make room for the in-
coming (potentially less popular) object.

The Harvest scheme also suffers from unnecessary
replication of objects resulting in inefficient use of limited
caching space. Consider the case in which a singie client
(a proxy server, for instance) makes a lot of requests for
a object, but the request rates for that object from other
clients are relatively low. When the object comes down, it
would be cached at all nodes along the path, including the
client. However, at all nodes apart from the client, since
the request rate for the object is small, it is merely uses
up cache space, and replacing a more popular file to make
room for this object is clearly inefficient.

In Harvest derived caches, when an object is dropped

from a cache, neither the object itself, nor any meta-
information regarding it, is passed up in the hierarchy. This
may be inefficient. For instance, consider an object that is
cached at two nodes that have the same parent. Also, sup-
pose that the request rate for the object at each child node
is relatively small, but the combined request rate that the
parent would sze if the object was not cached at both the
child nodes is high. Thus, when the object is dropped from
the child nodes, the parent node does not get it until after
the next request atrives, and even then, since the parent has
no history about the file, it is likely that the object will be
dropped again until its request profile builds up.

Intuitively, it is better for the objects to be cached as
close as possible to the leaves of the hierarchy. This could
be done if there were infinite cache space at the leaf nodes
of the hierarchy. However, with finite cache space, there
must be a mechanism which places more the popular ob-
jects at the lower levels and the less popular ones at the
higher levels in the hierarchy. Moreover, the scheme must
be responsive te the changes in the demand for the ob-
ject. As the demand increases the object should “percolate
down” the hierarchy and when the demand decreases, it
should “bubble up™ through the hierarchy.

III. THE PROPOSED DEMAND-DRIVEN DATA
DIFFUSION ALGQRITHM

In this section we our proposed data diffusion algorithm.
The pseudo-code for the algorithm are listed in three parts
(Parts 1 - 3). In the proposed algorithm each caching server
maintains reference count for all objects for which it has
received a requestz. If 7 denote the current instant, the
reference count for a given object 2 at a given node N is
the number of requests that have been received at & for O
in the time interval [T - W, T], W being the length of the
time interval over which we maintain the reference count.
When a node receives a request for an object, it increases
its reference count for that object. It the object is in the
local cache, it serves the request immediately, else it for-
wards the request to the next node on the path to the origin
server, which then handles it recursively. When the object
comes down from some caching server, possibly the origin
server, each node along the path tries to cache the object.
If there is space in the cache, this attempt succeeds. How-
ever, if the cache is full, the attempt fails if the reference
count for the object is lower than the reference counts for
all the objects currently in the cache, otherwise it succeeds.
In other words, nodes use a LFU cache replacement strat-

2We assume that this meta-infermation will be maintained even when
the object is not in the cache. In practice, meta-infarmation of objects
for which there has been no requests over some long interval, will be
periodically purged.



egy with the reference count being used as the frequency
measure.

When an object is dropped from a node, its reference
count as measured at that node is passed up to the next
node (which we will refer to as the parent node) along the
path to the origin server. The parent node adds the refer-
ence count it receives from the child with its own reference
count for that object. If the parent node has the object in
its cache, it does nothing more. If it does not have the ob-
ject in its cache, it tries to see what the result would be of
trying to cache the object in its cache at that instant (even
though it does not have the object), with the merged ref-
erence count. If the decision was that the object would be
cached, once again it does nothing more. However, if the
decision was that the object would be dropped, the parent
sends up the reference count it received from the child to
its own parent, which then handles it recursively. The in-
tuition behind this is to ensure that the meta-information
about the object, which in this case is its reference count is
propagated up the hierarchy. However, we want this meta-
information to propagate till the right point in the hierar-
chy, this point being a node where the object is already
cached or some node which “thinks™ that it would be able
to cache the object the next time it comes around. Prop-
agating the meta-information all the way up the hierarchy
may be inefficient because then the object may be wrongly
cached at multiple locations because of “high” reference
counts induced by drops taking place lower in the hierar-
chy.

When a node which has an outstanding (yet to be satis-
fied} request for an object gets a request for the same ob-
ject, it increases its reference count for the object and de-
cides whether it should generate some meta-information
regarding the request and pass it up the hierarchy. Once
again, the choice is decided by whether the node “expects”
to cache the object once it gets it. The intuition behind this
is to ensure that nodes see the right reference counts for ob-
jects, which would require meta-information to propagate
till the point in the hierarchy where the object is cached or
“expected”’ to be cached.

The proposed scheme to solves the problems that were
pointed out in the Harvest and Harvest derived schemes.
In the proposed scheme, when an object comes down the
hierarchy, it is not necessarily cached at all nodes along
the path. Although, an attempt is made to cache the ob-
ject at all nodes along the path, whether an attempt at a
particular node succeeds or not depends on how popular
the object is at that particular node. Also, at no point is
the incoming object treated any differently than objects al-
ready in the cache; the reference count of an object is its
sole property that decides whether an object gets cached

at a node. This is in contrast with the strategy in Har-
vest’s scheme in which the incoming object is definitely
cached at all nodes along the path. Also, uniike the Har-
vest scheme, our scheme makes the participating caches
cooperate in order to ensure that each node sees the right
reference count for an object.

Pseudo-code - Part 1: Definitions
Definitions:

OS(0}): origin server for object O;

R(O): a request for the cbject O;

R{O, M): request for the object O from the node M;
RC(O, N): reference count for object O at node N;
LC(N): local cache at node N;

Min{C): object in cache C that has the lowest reference
count;

P(N, X): the node next to N on its path to node X;
Outstanding(Q, N): boolean that is TRUE if node N has
already made a request for object O that is yet to be
satisfied, FALSE otherwise;

V{0, N): set of nodes to which node N will have to serve
object O once it receives it;

Metalnfo{O, C): packet that informs the recipient to in-
crease the reference count for object O by C,

Boolean WouldBeCached (Object O, Node N)
D + Min(LC(N));
if RC(D, N) < RC(O, N) then
return TRUE;
else
retum FALSE;
end if

IV. SIMULATION MODEL

To compare the performance of the new scheme hence-
forth referred to as Scheme II, with the scheme used in
Harvest derived caches referred to as Scheme 1, the oper-
ation of both schemes were simulated. The simulator is a
C++ program which extensively uses LEDA [10] object Ii-
braries. The inputs to the simulator comprise the network
topology specified in Graph Meta Language (GML) for-
mat and the request profile for each object.

A, Network Model

The network consists of three kinds of nodes - 1) clients
- leaf level caching servers where requests enter the net-
work, 2) origin servers - servers which are the initial
repository of certain requested objects, and 3) intermediate
caching servers - caching servers which lie somewhere on
the path between a client and an origin server. The nodes



Pseudo-code - Part 2: Operations performed by the origin
server and the client.

Origin Server:
for all incoming request R{O) do
send down O to M
5: end for

Client(N):
for all incoming request R(Q) do
RC(O, N)=RC{O, N) + 1;
10 if (O in local cache) then
serve O
else if — Outstanding({O, N then
forward R(O) to P(N, OS(0));
Outstanding(O, N) = TRUE
15:  else if (not WouldBeCached(O, N)) then
send Metalnfo{O, 1) to P(N, O5(0))
else
do nothing
end if
20: end for

for all object O that N receives do
Outstanding(O, N) = FALSE;
if (LC(N) is not full) then
25: place O in LC(N)
else
D+ Min(LC(N)};
if (RC(D, N) < RC((, N}) then
gject D from LC{NY;
30: send DropInfo(D, RC(D)) to P(N, OS(D))
place O in LC{NY};
end if
end if
end for

are connected by bidirectional links, each having a certain
bandwidth. Each node in our model also serves the func-
tion of forwarding the packets to the next hop.

A crucial aspect of the simulator is the method by which
it models the transfer of objects from one node to another.
Briefly, objects from a sending node are fragmented into
packets, and these packets arrive in order at the destination
node and are assembled there. For all the experiments, the
route chosen for such transfers is the shortest path between
the sender and the receiver. While the details of the model
of the link and the node can be found in [25], it suffices
to say that the models were carefully constructed to ensure
faimess among the multiple connections.

Pseudo-code - Part 3: Operations performed by an inter-
mediate caching server.
Intermediate Caching Server(C):
for all incoming request R{O, M) do
RC(O,O)=RC(O,O)+ 1;
if (O in LC(O)) then
5 serve O
else
VO, O)=V(0, Cy U M;
if (not Outstanding(O, C)) then
forward R{O) to P(C, OS(()),
10 Outstanding(Q, C) = TRUE;
else if (- WouldBeCached(O, C}) then
send MetaInfo(O, 1) to P{C, OS(0));
else
Do nothing
15: end if
end if
end for
for all object O that C receives do
Outstanding(O, C) = FALSE;
20.  for all node v m V(O, C) do
send O down to node v;
end for
V(Q, C)=NULL,;
if LC(C) ts not full then
25: place O in LC(C),
else
D = Min(LLC(C));
ifRC(D) < RC(0)) then
gject D from LC(C);
30: send Metalnfo(D, RC(D)) to P(C, OS(I>));
place O in LC(C)
end if
end if
end for
35
for all Metalnfo(Q, L) that C receives do
RC(O,C)=RC(O, Y+ L;
if O in LC(C) then
return :
40 end if
if (= WouldBeCached(O, C)) then
send Metalnfo(O, L) to P(C, OS(0O));
end if
end for

B. Reguest Generation

The request profile for an object is a piece-wise lingar
graph which plots the request rate for the object over time.



The plotted request rate for the object is its request rate
in the aggregate, i.e., the sum total of the rates at which
requests are generated for the object by all the clients in
the network. Once we have the aggregate request profile
for an object, we break it up into per client request pro-
files. This is done by taking a fixed set of points from the
piece-wise linear graph, and then for each point, distribut-
ing the corresponding request rate among the clients. This
distribution is pseudo-uniform, i.e., each client’s share of
the aggregate request rate lies within a bounded interval
of the uniform distribution value. Once we have the per
client request profiles for an object, the actual request gen-
eration in the simulator takes place as follows. If at time T
we need to generate a request for an object O at client C,
we get the request rate for O at C at the instant 7. Let this
request rate be A. Then the inter-arrival time is obtained
by modeling the incoming stream of requests for O at C as
a Poisson process with mean A.
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Fig. 2. Normalised object request rate over a 24 hour period at
the NASA server.

We analyzed the NASA server [21] request log file,
which records the exact arrival time of each request of
which 20 server files were selected to cover the whole
spectrum of possible request rates. We observed that the
access logs show a similar request pattern for each day, as
shown in Figure 2. We normatized the 24-hour access rate
variation pattern and took that as the aggregate request pro-
file for our objects. We used the 90/10 rule [3] to assign
request rate to the objects. Accordingly, 10% of the ob-
jects are marked popular and aggregate request rate for the
popular objects were scaled up by a factor of 81 times cor-
responding rate for the unpopular objects. Both popular
and unpopular objects were uniformly distributed across
the given number of origin servers.

C. Network Topologies

We considered three different topologies for our simu-
lation. Topology I is a complete binary tree with 4 node
levels. The root of the tree is an origin server, the leaves

are the clients and the remaining nodes are caching servers.
The tree topology permits a strict hierarchical ordering and
we believe the differences between Scheme I and Scheme
1T would be the greatest in the case of such topologies.
This is because of the fact that in a mesh with several dif-
ferent hierarchies induced by different origin servers, the
“proper” place for an object in the mesh is somewhat di-
luted because of the conflicting choices from the different
hierarchies.

In reality, however, networks are not like trees but more
like meshes. We therefore ran our simulations on two
such mesh networks. Figure 3 shows the first of them,
which we will refer to as Topelogy 1. This network was
obtained by taking the backbone mesh of a major carrier
services provider and attaching client nodes to it. As Fig-
ure 3 shows, the topology has 3 origin servers, 15 caching
servers and 11 clients.
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Fig. 4. Topology 111

Topology T, as illustrated in Figure 4, was derived
from Mapnet [22]. The raw data obtained from Map-
net’s web site contains topology information on federal ed-
ucational/research networks and commercial networks. To
get an experimental topology of reasonable size, networks
which had about 20 nodes each were identified. These
topologies were then analyzed in groups of three to find
the combination which maximizes the number of nodes



shared by these networks. The topology thus obtained has
40 nodes, of which 4 are origin servers, 18 are clients and
the remaining 18 are caching servers.

D. Other Simulation Parameters

» In the simulation model, while all the nodes have storage
capacity, only the client nodes and the intermediate nodes
perform caching. The capacity of the nodes is in units of
number of objects.

s The object size was fixed at L0 Kbytes. The size of the
request packets and the meta-information packets in case
of Scheme Il was 100 bytes.

» We have used three different request rates for each com-
parison, corresponding to heavy load, moderate load and
low Ioad. Also, we had two settings for the number of
objects served by the origin servers. For each setting of
the request rate, we varied the cache size so as to cover the
entire spectrum, from very low to very high caching space.

V. PERFORMANCE COMPARISON

We considered the server-side bottleneck scenario. This
was achieved by setting the bandwidths of links attached to
the servers to be 80kb/s while the bandwidths of all other
links were set to be 800kb/s.

A. Improvement in Latency

Figures 5 and 6 show the percent reduction in la-
tency for Topology I for 200 and 400 objects, respectively,
while Figures 7 and 8 show the same for Topology III.
For 200 objects, the request rates were 0.01, 0.003, 0.0025
requests/sec for unpopular objects. For the case of 400
objects, the request rates were (.005, 0.0025, 0.00125 re-
quest/sec for unpopular objects. As mentioned before, the
request rate for the popular objects are 81 times higher.
The request rate for 400 objects was scaled down to keep
the load on the network at roughly the same level.

Based on the figures, the we observe that Scheme II out-
performs Scheme I. For any request rate, the gains are the
highest for low cache sizes and then decrease with increas-
ing cache size. When the cache space is quite large, the
two schemes perform pretty similarly. At any given re-
quest rate, the effective load on the network is higher in the
case of low cache space because most requests get satisfied
by object transfers from far-away servers. When the cache
space in the nelwork increases, many requests get satis-
fied by client caches or by close-by caching servers, thus,
the load on the network goes down. Since the network is
more heavily loaded when cache space is low, Scheme 1
pays a correspondingly heavier price when obtaining an
object from a “sub-optimal™ location. Thus, the gains of
Scheme 1I over Scheme I are the highest when the cache
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Fig. 5. Percent reduction in download time as a func-
tion of the cache size for different request rates for
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Fig. 6. Percent reduction in download time as a func-
tion of the cache size for different request rates for
Topology 1T and 400 objects.

space in the network is low. When the cache space in the
network is very large, the object distributions attained by
both schemes is roughly the same, hence they perform al-
most similarly.

For a given load, i.e., request rate times the number of
objects, as we move from 200 objects to 400 objects, we
see that the gains are initially higher for the case of 200
objects but then the gains for 400 objects take over. This
is expected because at very low cache sizes, in the case of
400 objects, there are a lot of objects being dropped from
caches. This generates a lot of meta-information traffic
adding to the congestion in Scheme II. For 200 objects this
effect is lower and hence the gains are higher. However, as
the cache size increases, in the case of 200 objects, most
objects can be stored in nearby caches for both Schemes 1
and II. This is not the case with 400 objects. where becanse
there are a large number of objects, many requests still get
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Fig. 7. Percent reduction in download time as a func-
tion of the cache size for different request rates for
Topology IIT and 200 objects.
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Fig. 8. Percent reduction in download time as a func-
tion of the cache size for different request rates for
Topology IIT and 400 objects.

satisfied by caching servers many hops away. Scheme 11
does a better job of distributing objects across the caching
mesh when cache space is low, therefore the gains for 400
objects become higher than that for 200 objects. When
the cache space is very large, the gains for both 200 ob-
jects and 400 objects are almost similar, once again due to
the fact that most requests get satisfied by nearby caching
Servers.

Finally, we note that for a given number of objects,
the difference in the gains across different request rates
quickly becomes small as the cache sizes increase. This is
expected because even though the request rates differ by
a factor two, as the cache space increases, a lot of the re-
quests get satisfied from client caches. Hence, the effective
load on the network becomes almost the same irrespective
of the request rate. Thus the gains observed for the differ-
ent request rates also turn out to be similar.

B. Bandwidth Gain

Figures % and 10 show the percent reduction in band-
width usage for Topology II for 200 and 400 objects, re-
spectively. The bandwidth usage, we refer to the total
number of bytes shipped over all the links in the network
for the satisfaction of the requests. Based on the figures,
the following are the main observations.
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Fig. 9. Percent bandwidth gain as a function of the
cache size for different request rates for Topology 11
and 200 objects.
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We see that Scheme II is less bandwidth intensive than
Scheme I, though the gains arc modest in most cases.
There are two underlying causes for this behavior. Firstly,
even though Scheme II does a better job of keeping the
right objects in the caches based on their reference counts,
this is not achieved without cost. It has to send meta-
mformation carrying packets telling nodes about the ref-
erence counts of objects in lower level caches. This adds
to the amount of traffic in the network. Secondly, Scheme
IT does a better job of distributing the request load over



the network. This means that even though in some cases
it transfers chjects over a higher number of links than in
Scheme 1, these links are relatively lightly loaded. This
brings about a reduction in the average latency, albeit us-
ing up more bandwidth.

For a given request rate and a given number of objects,
we observe that the bandwidth gains keep increasing with
increasing cache sizes upto a point, and then decreases.
When the cache space is very low, there a large num-
ber of object drops from caches generating a lot of meta-
information traffic in the network. Also, both schemes
need to fetch a lot of the objects from origin servers be-
cause of the cache space crunch. As the cache space
increases, Scheme 1I does a better job of obtaining ob-
jects from nearby servers. Moreover, the amount of meta-
information traffic goes down because there are now fewer
drops from caches. Thus, the bandwidth gains rise initially
with increase in cache size. After a certain point, both
schemes satisfy most of their request from identical loca-
tions, thus, the bandwidth gains start decreasing. When the
cache space is very large, the two schemes attain almost
identical distributions of objects in their caches, thus, the
bandwidth gains are very small.

At a given load, i.e, request rate times the number of ob-
jects, as we move from 200 objects to 400 objects, we see
that the gains are initially higher for 200 objects but then
the gains for 400 objects take over. In other words, the
point at which the maximum bandwidth gain is observed
moves to the right as we move from 200 to 400 objects.
This is because of the fact that with a higher number of ob-
jects, it takes higher cache sizes for the meta-information
traffic in Scheme IT to go down, and also for Scheme II to
do a comparatively better job of distributing objects across
caches. Thus, the point of maximum bandwidth gain is at-
tained at higher cache sizes as we move from 200 to 400
objects.

We also note that the bandwidth gains are relatively
insensitive to the request rate at moderate to high cache
sizes. As discussed in Section V-A, even though the re-
quest rates are different, because of high cache sizes, most
requests get satisfied by nearby caching servers, thus the
effective load on the network is very similar. Thus, the
gains observed for different request rates for moderate to
high cache sizes are roughly similar.

Table [ shows the counts of multiple copies of popu-
lar and un-popular files in the cache for the two different
schemes and for different request rates. The data was cal-
culated from the periodic snapshots of the cache contents
logged by the simulator. The count of multiple copies of
popular and unpopular for each snapshot were aggregated
overall the snapshots to create the table. From the table we

observe that Scheme II is much more efficient in the place-
ment and replication of files in the cache hierarchy. When
the cache space is low, Scheme II does not cache unpopular
files®. Scheme I, on the other hand, not only has unpopular
files when there is not enough cache space at times there
are multiple copies. This translates to the better download
times and the lower bandwidth usage under Scheme II.

C. The Tree Network
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We now present the results for Topology I, a 4-level
complete binary tree in which the root is an origin server,
the leaves are clients and the rest of the nodes are caching
servers. Figures 11 and Figures 12 show the percent re-
duction in latency and the percent bandwidth gain for 80

3This data was also computed but it is not shown here due to page
limitation.



TABLE1
COUNTS OF MULTIPLE COPIES OF POPULAR AND UNPOPULAR OBJECTS IN THE CACHE FOR TOFOLOGY IIL

Cache Req. Rate =0.005 Req. Rate = 0.0025
Size Scheme I Scheme I1 Scheme I Scheme I
Pop | Un-Pop | Pop | Un-Pop | Fop | Un-Pop | Pop | Un-Pop

2 1526 144 2178 0 1652 108 2146 0
4 3429 167 3839 0 3499 117 3845 0
6 3869 173 4053 0 3844 154 | 4054 0
10 | 4059 251 4059 0 4059 247 | 4059 1
12 | 4059 305 4059 1 4059 340 | 4059 7
14 | 4059 382 | 4059 28 4059 379 | 4059 34
20 | 4059 | 1135 [4059 | 1001 | 4059 | 1276 | 4059 | 1015
25 | 4059} 3491 | 4059 | 3553 | 4055 | 3507 | 4059 | 3618
30 | 4059 | 6819 4059 | 7756 | 4059 | 6952 | 4059 | 7736

objects for request rates of 0.005, 0.0025 and 0.001 re-
quests/sec corresponding roughly to heavy, moderate and
low load.

We observe that both the latency reduction and band-
width gain curves show the same trends as their counter-
parts in Topology II and III. The interesting thing to note
is that the gains are higher than those for Topelogy II and
III. This is to be expected because the tree topology pro-
vides a case where there is a single hierarchy induced by
a single origin server. Therefore, Scheme II which pushes
object reference count meta-information up the hierarchy
but not across it, performs best. In mesh-like networks,
like Topology II and III, where the hierarchies induced by
different origin servers mesh against each other, Scheme
II’s reference-counting based distribution of objects per-
forms worse than in the tree case because a node may lie
at different levels of the hierarchy for different hierarchies
making the reference-counting distribution sub-optimal.

VI. RELATED LITERATURE

Hierarchical Web caching had its genesis in prior re-
search on hierarchical caching in large-scale distributed
file systems [2]. Evidence that several, judiciously placed
file caches could reduce the volume of FTP traffic on the
NSFNET backbone significantly is reported in [8]. In the
context of the Web, hierarchical caching was first explored
within the Harvest [6] [7] project.

Zhang, Floyd and Jacobson [20] deal with the problem
of data dissemination in caching meshes. They divide the
set of caching caching servers into overlapping groups and
then use multicast delivery to disseminate data through the
mesh. Their work however, does not explicitly tackle the
problem of efficient object distribution, in their scheme,
when an object is forwarded by a group through multicast,

itis cached by all members of that group may be inefficient
if the group size is very large.

A different approach tc caching is server-initiated
caching [9] [5] where the server “pushes” data intelli-
gently towards a set of clients. In such schemes, the server
maintains object reference profiles for each “‘client cluster”
- however, it is not casy for the server to deduce topologi-
cal information from the requests thereby making the task
of data distribution tough. Moreover, this would further
overload the already loaded Web servers, thus preventing
the solution from scaling well.

Bhattacharjee [4] et. al. evaluated the benefits of associ-
ating caches with switching nodes throughout the network,
rather than in a few locations. They also considered the
use of various self-organizing or active cache management
strategies for organizing the content of caches.

In a directory-based caching scheme [14] {15}, a
caching server queries a mapping server for the location
of an object in the caching mesh when it does not have the
object in its own local storage. If the mapping server re-
turns with a positive response, the object is fetched from
the referred server, else, the object is fetched from the ori-
gin server. Caching severs also update the mapping server
when an object is added to or evicted from their cache.

At its very core, the trade-off between hierarchical
caching and directory-based caching is a trade-off between
space and time. Hierarchical caching stores no meta-data,
all available storage space is used to cache objects. How-
ever, not storing any meta-data means that it is “dumb”
when it comes to locating an object in the caching mesh,
spending a relatively larger amount of time in the “search”,
leading to increased object fetch times. Directory-based
caching, on the other hand, requires more storage space,
dedicating a chunk of the same to the storage of meta-



data. This extra storage however speeds up object lookups
thereby decreasing object fetch times.

It is natural to consider hybrid schemes which have both
hierarchies and directories [24] - the directories are not
global but manage only a part of the hierarchy. In such
a hybrid scheme, on a cache miss, the node would query a
mapping server for the location of the object. If the map-
ping server responds positively, the node fetches the object
from the referred caching server, else it would forward the
request for resolution to the next [evel of the hierarchy.

VII. CONCLUSION

To sustain the explosive growth of the Web, it is crucial
to develop schemes that provide good quality of service
to users while efficiently using the existing bandwidth of
the infrastmcture. Caching provides both these benefits by
storing popular objects close to where the requests origi-
nate. Although, caching in itself is not a new concept, its
application to the Web is. The problem is challenging pri-
marily because of scalability reasons which has resulted in
the evolution from single-point caches to caching meshes.
In this work, we proposed a new data diffusion scheme for
hierarchical caches which performs better than the corre-
spending one in Harvest derived caches. We identified the
parameter space under which the benefits from our scheme
were the highest and the parameter space where both the
schemes performed similarly. Even though our demand-
driven data diffusion scheme was studied in the context of
hierarchical caching, the underlying notion of co-crdinated
object management through reference counting can be ap-
plied to hybrid schemes that employ both directory-based
and hierarchical caching.
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