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Abstract

Web caches currently deployed on the Internet op-
erate under apull model in which client request
streams determine the content of the cache. An
alternativepush model would allow web servers
to pro-actively replicate their contents to caches.
Given the finite amount of cache space, a question
arises as to which objects should be kept in cache.
In [GS95], the authors propose a push caching
model whereby the content of the cache is deter-
mined by participating servers in a co-operative
fashion. In this paper we explore an auction-based
scheme that achieves an efficient allocation of disk
space based on utilities revealed by both content
servers and web caches. We show that our approach
provides higher user valuation than traditional re-
placement policies without sacrificing overall hit
rate. At the same time we solve the truthful rev-
elation incentive problems associated with a coop-
erative approach. Our approach both implements
e-commerce in caching service, and improves the
infrastructure for supporting other e-commerce by
providing quality of service differentiation.
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1 Introduction

The content of a web cache, as currently deployed
on the Internet, depends on two factors: the request
stream initiated by clients and the cache replace-
ment policy. In this paper we describe a model
whereby web servers may specify which of their
contents they want cached. We call the formerpull
caching and the latterpush caching. While pull
caching has been successfully deployed, we think
there will be instances in which push caching could
be very useful. The main motivation behind push
caching is that web servers may have information
not available to either the clients or the web caches.
A server that is about to release an object that is ex-
pected to be highly popular, for example, the trailer
for an upcoming movie, an update to a popular soft-
ware package, or an influential government report,
may want to have the object pushed to caches on the
Web before it announces the availability of the ob-
ject. By doing push caching, not only will the server
prevent itself from being swamped by requests, it
will also decrease the download time experienced
by its clients and, at the same time, reduce overall
network bandwidth usage.1

Given the finite amount of space available at
web caches, when cache space is fully utilized some
existing objects must be evicted from the cache to
accommodate a new object. Replacement policies

1“Push caching” is closely related to “mirroring”. However,
mirroring usually refers to a static or slow-changing replication
of multiple objects or an entire site. Our notion of push caching
allows a granularity at the level of a single object, and is highly
dynamic so as to respond rapidly as network conditions and
object value or desirability change.



for traditional pull caching rely on access history to
make their decisions. The least recently used (LRU)
policy evicts items based on their recency of use.
The least frequently used (LFU) policy makes its
decision based on each object’s frequency of use.
With push caching, the object servers communicate
information for the cache manager to use in making
replacement decisions. This information might be
based on access histories, but it might also incorpo-
rate other information available to the server but not
part of the historical access log.2

In [GS95], the authors proposed a push
caching scheme in which content servers co-operate
with the web caches and with each other to deter-
mine the relative ranking of pushed objects. An ob-
ject is not pushed to the web caches unless the de-
mand for it exceeds a certain threshold. The value of
this threshold and destinations to which objects are
pushed are periodically tuned by a central admin-
istrator. The authors showed that geographic push
caching can reduce network traffic by 26%.

In this paper we propose a market-based push
caching mechanism in which cache space is auc-
tioned off to servers. The advantages of using a
market-based mechanism in push caching include:

1. The network (caching) resources can be allo-
cated in order to maximize the aggregate value
they provide to network users:well-designed
markets yieldefficientresource allocations.

2. A market mechanism decentralizes the cache
space allocation decisions. With the distribu-
tion of allocation decisions, servers can em-
ploy more complex functions or large access
histories in order to predict future popular-
ity, or to calculate the value per request from
putting specific objects into the cache. For ex-
ample, LFU and LRU are very simple, not gen-
erally optimal forecasts of future requests.

3. A market mechanism also allows for access
history to be kept at object servers and be com-
municated to the web caches in the form of
value per request computed by the servers.

2For example, information about the expected frequency of
use and value of latency for a new object, like a software up-
date, that has no access history by definition.

4. A server may choose to compute the bid value
of an object independent of its access history or
other indicators of expected popularity. For ex-
ample, a server that wants to reduce the down-
load time of its object may decide to bid high
even if its client population is small. In gen-
eral, the bidder can introduce information not
available to a central cache manager.

In our earlier work [KCJMM99] we proposed
and investigated a market-based web caching sys-
tem that provides differentiated quality of service,
through basing the replacement policy on bids for
the value of hits. In this paper we propose and in-
vestigate a market mechanism based on the value of
disk spacein the cache.

In [KLL +97] the authors propose a system in
which cache spaces are distributed across the Inter-
net. Web content servers can rent cache spaces to
hold mirrors of their contents. Since this is a com-
mercial product, no further details are available on
the architecture of the system.

There have been several pioneering efforts to
apply market-based mechanism to the allocation
of computing resources such as cpu cycles, disk
space, etc. in both stand-alone and distributed sys-
tems [WHH+92, MMV95a, MMV95b, CSEZ93,
Cla95, Wel96, KS89]. Several researches assert
that the use of market-based mechanism in allo-
cation of computing resources has not seen wide-
spread adoption because the limiting resources
are sufficiently inexpensive that they can be over-
provisioned. We believe that over-provisioning on
the Internet will not be practical for at least three
reasons:

1. By definition, resources on a network are
shared resources. Unlike cpu or disk space for
which a user may decide not to share with oth-
ers, bandwidth and cache spaces on the Inter-
net must be shared for network communica-
tion to happen. Given the highly variable us-
age pattern on the Internet—e.g., some users
download large image files, others run video-
conferencing, while still others only use the
Internet to send email, to over-provision for
the worst-case demand means low bandwidth
users must subsidize the high bandwidth users.
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for each period
move previously pushed objects to the space managed by LRU
initialize available space to max cache size
collect bids of<bidder, size, value per byte>
sort the bids in descending order of value per byte
for each bid in the sorted list

if size is less than or equal to available space
accept the bid
decrement available space by size
if the object in LRU space

retrieve it
else

ask winning server to push object to cache
else

reject the bid
if clearing price is not set

set it to value per byte of this bid
end if

end for
end for

Figure 1: The uniform price auction algorithm. Notice that there is always a bid with value-per-byte
equals to cache’s reserve price.

2. While a user or an institution may over-
provision resources for its own use, commu-
nication on the Internet goes through several
administrative domains, any one of which may
decide not to over-provision to carry someone
else’s traffic.

3. Network traffic has very high variance. The
authors of [LTWW94] have shown that aggre-
gate network traffic is long-range dependent,
which means it has infinite variance. Over-
provisioning for the worst-case demand will
require a lot of resources, which will be highly
underutilized most of the time.

For these reasons, we think that market-based
mechanism can play an important role in pushed
caching.

2 Web Model

We classify computers on the Web into three cate-
gories: All requests for Web pages are initiated by
browsers. The permanent homes of Web objects are

servers. Cachesare machines on the Web that hold
temporary copy of Web objects and offload browser
requests from servers. Caches reduce the download
latency experienced by browsers.

Periodically, caches hold a uniform price auc-
tion to determine which objects to accept for pushed
caching. Before a new auction, the cache collects
bids from servers. The bids are 3-tuples of the form<server-id, size-of-object, value-per-byte>. Bids
are ranked in a descending order of value-per-byte.
The n highest bidders that can fit in the available
space are declared winners. If the cache has a non-
zero reservation price, only bidders with value-per-
byte higher than the reservation price are accommo-
dated. The clearing price would be either the larger
of the reservation price or the value-per-byte of the
highest losing bid. The winning objects are then
transferred by the cache from the servers. Figure 1
shows our auction algorithm.

Space not used to hold pushed objects is used
to hold objects pulled by clients; this space is man-
aged using the LRU replacement policy. In this
study, we assume that cached objects are updated if
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if (200 != $htcode || ($method ne "GET" && $method ne "HEAD") ||
$logtag eq "TCP_DENIED" || $logtag eq "TCP_NEGATIVE_HIT" ||
$logtag eq "TCP_CLIENT_REFRESH" || $logtag =˜ /ˆUDP_/ ||
$logtag =˜ /ˆERR_/ ||
($url =˜ m!ˆhttp:! &&

$url =˜ m!\.cgi/|\.cgi$|cgi-[bw]in|/cgi/|\?!i)) {
$number_skipped++;
next;

}

Figure 2: Perl code to filter NLANR access logs, used within loop that iterates over all requests. The
regular expression that identifies dynamic content is similar to that used within the Squid cache. We reject
requests with HTTP reply code other than 200 because we are interested in successful requests for data
not present in browser caches. This code removed 38.1% of allrequests at the PA cache site, 41.7% at the
SV site, and 36.3% at UC.

the originals are modified. Our market-based mech-
anism can work with algorithms that ensure object
freshness.

3 Experiments

In order to evaluate the aggregate value and quality-
of-service that market-based push caching deliv-
ers to servers, we conducted a number of trace-
driven simulations comparing it with LRU, un-
weighted LFU and Kelly et al.’s swLFU (for LFU
and swLFU, we use time since last access to break
ties). As input we selected three large request
streams collected by the National Laboratory for
Applied Network Research (NLANR) caches at
Palo Alto (PA), Silicon Valley (SV), and the Univer-
sity of Illinois at Urbana-Champaign (UC) during
the period 15 August–28 August 1998 [fANR]. We
filtered the raw NLANR access logs by removing
all unsuccessful requests and requests for dynamic
content; Figure 2 shows the actual Perl code used
for this purpose.

NLANR access logs record the number of
bytes written to clients for each request rather than
the size of URLs, and this field often varies across
requests for the same URL (HTTP headers vary
in size, URLs change, and clients sometimes abort
transfers manually). We define the size of a URL to
be the maximum recorded transfer size among all
requests for it.

3.1 Cache Parameters

Our cache has three parameters to be set by the
cache owner: cache occupancy period length, cache
size, and reserve price.

A period is the time interval between one auc-
tion and its successor. The contract between the
cache and the servers states that the winning objects
of the last auction can stay in the cache for one pe-
riod. The authors of [GS95] set their period length
to 30 minutes . In this paper, we use a period length
of 20 minutes and cache sizes of 1, 4, 16, 64, 256
and 1024 megabytes (MB).

For all the results presented in Section 3.3, we
set the reserve price to 0. In Section 3.4, we look
into the effect of different reserve prices.

3.2 Server Bidding Algorithms

First, we assume all the servers we see in the trace
are willing to push their objects to the cache and
they will push every object that has a positive prob-
ability to be requested in the next period. (A server
is simply the hostname or IP address component of
a URL, we obtain it by the short Perl code segment
shown in Figure 3). We further assume all servers
use the same bidding algorithm in each simulation.

In our experiments we consider the case where
servers are very heterogeneous in the value they
place on having their objects cached (vi). We do
this by first assigning a unique integer identifierIDi
to each server, then assigning valuesvi to servers
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$url =˜ s/\/$//; # strip trailing slash
$url.= ’/’; # add back the / for easy regex
$url =˜ s!ˆ[a-z]+://!!; # remove ????:// at the beginning
$url =˜ m!ˆ([ˆ:/]*)!; # extract string up to ’:’ (followed by port #)

# or ’/’ (followed by path)
$server = $1; # make it the server name

Figure 3: Server name extraction code segment.

according to the formula:vi = 10IDi mod 5:
The result is thatvi are drawn from the setf1, 10,
100, 1000, 10000g.

The following subsections discuss the bidding
algorithms we investigated. All algorithms are de-
signed to forecast the number of future requests of
an object in the next period. We assume that the
product of this number, the object size, and the
value-per-byte of the server would be the server’s
true valuation of having an object cached.

3.2.1 Regressed on Last Hour (RLH)

For each NLANR site, we first use the trace dated
1–14 August 1998 to compute the regression coeffi-
cients of each object. The regression coefficients are
computed assuming linear regression:y = b1+b2x,
wherex is the number of requests for the object in
the last hour, andy is the number of requests for the
same object in the next 20 minutes. Table 1 lists the
computed regression coefficients.

To compute the value-per-byte for each object,
a server first computes the likelihood that an object
will be requested in the next 20 minutes from the
regression coefficients (b1; b2) computed above and
a trace of the last hour requests (xs) for its objects.
The value-per-byte of each object is then obtained
by multiplying (b1 + b2x) of the object with the
server’s valuation of having its objects cached (vi).
3.2.2 Perfect Foresight (PF)

We are also interested in knowing the performance
of the system if all the servers know the exact num-
ber of requests in the coming 20 minutes (y). The

value-per-byte will then be computed asviy. This
should give us an upper bound on how well the sys-
tem can perform, in that the servers areactuallybid-
ding according to their true valuations in this case;
whereas in the other algorithms, they are onlyesti-
matingtheir true valuations.

3.2.3 Limited Perfect Foresight (LPF)

Finally, we are interested in a performance upper
bound on the class of algorithms that looks back one
hour, for example, the RLH algorithm. Here we al-
low servers to look into the next 20 minutes but only
submit bids for objects that also appeared in the last
hour.

3.3 Results

To evaluate whether our system delivers higher
welfare than non-market based systems, we define
a metric called value rate as:P vihiP viti
Herevi is as defined above,hi the amount of data
(in bytes) browsers obtained from the cache as op-
posed to from serveri, and ti is the total amount
of data traffic (in bytes) seen at serveri. We as-
sume the benefit serveri receives from caching is
equal to the total benefits browsers using serveri
receive from cache, hence serveri’s utility function
is ui(hi) = vi � hi.

Figure 4 shows that in terms of value rate,
market-based push caching with all servers using
the same RLH bidding algorithm does better than
LRU and LFU from 1MB to 16MB. This is because
the cache is congested. In other words, the total
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NLANR Trace b1 std devb1 b2 std devb2 R-squared

SV -0.302478 0.01117111 0.303812 0.00269519 0.7764
UC -0.293294 0.00988465 0.294441 0.00261484 0.6970
PA -0.230651 0.01064222 0.238905 0.00574836 0.4131

Table 1: Regression Parameters for different NLANR traces.
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Figure 4: Byte hit rate and value hit rate as function of cachesize for LRU, LFU, swLFU, Push Caching
with RLH and Push Caching with LPF at three NLANR cache sites.
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size of bids submitted to an auction is much big-
ger than the cache size and results in a high clearing
price. The average total bid sizes are 327.915MB,
246.636MB and 287.364MB for SV, UC, and PA
sites respectively. The corresponding average clear-
ing price are shown in Table 2.

We see that the swLFU algorithm, which is not
incentive compatible [Kel91], outperforms RLH for
nearly all cache sizes. This is not surprising be-
cause we run periodic auctions, so our response to
changes in request stream lags 20 minutes. With
Perfect Foresight (PF) hit rate is limited only by
the finite cache size; whereas with less than perfect
foresight, the first an object is requested, it will re-
sult in a mandatory cache miss.

The performance of push caching converges to
that of LRU when the cache size is large. This is
correct because the rest of the space in the cache that
is not filled up by winning objects is managed by
LRU. Since the total bid size for each period under
RLH algorithm is fixed, the increasing cache size
leaves most of the cache managed by LRU. Hence,
it is not surprising that our push caching system de-
generates to a normal LRU-managed cache. This
is a desirable feature because the cache will toggle
between pull- and push-caching depending on de-
mand.

3.4 Reserve Price Analysis

If the goal of the cache manager is to improve the
welfare of the system instead of its revenue, it can
set a non-zero reserve price. The effect of a non-
zero reserve price is visible only when the offered
load to the cache is near capacity. When the offered
load is much higher than capacity and the cache is
heavily congested, the clearing price could poten-
tially already be much higher than the reserve price;
on the other hand, if offered load is below capac-
ity, the cache is not congested and all objects can
be cached. Figure 3.4 shows that for a cache near
capacity, some value of reserve price can improve
both byte hit rate and value rate.
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Figure 5: Effect of Different Reserve Prices Reserve
Prices on byte hit rate and value rate at 64MB SV
site.

4 Future Work

We plan to implement our model on the Squid[Dev]
web cache, using AuctionBot [oMAL] to run the
auctions. We also need a better server value dis-
tribution than 1, 10, 100, 1,000 and 10,000. An-
other direction is to improve our current bidding al-
gorithms. With more information and a more so-
phisticated prediction algorithm, we may be able to
better approach the ideal case of perfect foresight.

Furthermore, we feel that a better way to
model the reserve price of a cache would make it
more realistic. For example, we can change our
cache owner to a profit-maximizing agent instead
of a welfare-maximizing one.

5 Conclusion

Motivated by the need to provide servers the au-
tonomy to replicate objects, we developed a model
that allows a proxy cache to accept pushed objects
from servers. The push caching system is sim-
ple and highly flexible. While push caching re-
quires bidding protocols, it remains transparent to
the browsers. Hence no changes to existing proto-
cols are required.

To tackle the incentive problem, we introduce
a pricing mechanism for the cache space. The
incentive compatibility of the mechanism ensures
that servers are telling their true valuations. Since
servers are bidding on their interest and their ben-
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Trace cache size (MB) 1 4 16 64 256 1024

SV 16042.8 4030.45 732.972 9.50620 0.0469305 0
UC 11464.6 4030.45 442.811 36.1828 0.178155 0
PA 5515.89 2289.29 268.702 40.9102 0.110929 0

Table 2: Average clearing price for the auctions held in three NLANR cache sites.

efit is directly proportional to the frequency of fu-
ture requests on the pushed objects, our system ef-
fectively delegates the computational overhead of
managing caches to the servers. Our simulation re-
sults show that even with a very simple forecasting
model, market-based push caching is able to deliver
higher welfare than traditional cache management
policies.
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