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Abstract:  

 
 SAN-level caching can manage caching within a 

global view so that global hot data can be identified and 
cached. However, two problems may be encountered in 
the existing SAN-level caching methods: first, too many 
migrations from disks to cache resulting from cache 
thrashing; second, too few cache hits resulting from 
insufficient caching. This paper proposes a SAN-level 
caching method employing chunk-aging to control the 
migrations of chunks of data from disks to cache, which 
takes the temporal distribution of chunk accesses into 
account and solves the two problems above. Then by 
employing two LRU lists to manage the cache 
replacement, this method separates and manages two 
types of hot data chunks, one of which have burst 
accesses and the other have long-term frequent 
accesses, thus preventing them from interfering with 
each other in cache. The simulation results demonstrate 
that our method can achieve a high hit ratio while 
maintaining a relatively low migration rate. 

 
1. Introduction 

 

Ever-growing amounts of data will make the 
storage capacity within a storage area network (SAN) 
increase exponentially. Different workloads running on 
a storage system combine to result in a wide spectrum 
of access patterns at the same time. In normal array 
caches, cache resources are allocated approximately 

according to their relative I/O rates [5]  . Then 
different access streams meet at the array cache and hot 
chunks of data of one stream may very likely be 
evicted by those of other access streams, which results 
in interference between different access streams and 
makes the array cache much less efficient. 

Figure 1. Topology of a typical system with SAN-level 
caching 

 Figure 1 shows a SAN environment with 
SAN-level caching. We envision back-end storage 
composed of large data chunks (the chunk size can 
range from 128 kilobytes to several megabytes). 
Caching based on front-end hosts or back-end disk 
arrays lacks the intelligence to identify hot data 
chunks within a global view, while SAN-level 
caching can intelligently identify such hot ones and 
then migrate them to cache appliances [2, 3, 7], so 
that the overall performance of the system can be 
improved. What is important is that the interference 
between different access streams at the array cache 
can be reduced greatly, and thus the array cache 
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becomes more efficient [5]. The benefits that 
SAN-level global caching brings to a system can be 
two-fold: first, host I/Os served from the cache will 
have shorter response times; second, I/Os that arrive 
at disks will have a shorter queuing time on average 
because of the reduction of the I/O queue length. 

In this paper, a data chunk is defined as 
temporally hot if it gets burst accesses in some short 
periods of time but its total access number is less than a 
predefined value, and a data chunk is defined as 
long-term hot if it gets long-term frequent accesses and 
its total access number is larger than the predefined 
value. It has been found that in a storage system, there 
are many data chunks which only get burst accesses 
and remain temporally hot [11]  . Although they 
normally do not have a high priority in caching, they 
usually have impacts on hit ratios. There are two 
almost equally important objectives that we aim to 
achieve to improve the system performance. One is to 
identify and cache both temporally hot and long-term 
hot data chunks as early as possible to improve the 
cache hit ratio. The other objective is to reduce data 
migrations from disks to cache as much as possible. 

In order to fulfill these goals, we propose 
chunk-aging to control the migrations of data chunks 
and employ two LRU lists to manage cache 
replacement. Chunk-aging is put forward to identify 
and cache hot data chunks as early as possible. It 
associates a weight with each chunk to take the 
intervals between two consecutive accesses to the 
chunk into account: a formula about the access interval 
is used to calculate the weight of a chunk that if the 
interval is relatively short, its weight increases and if 
the interval is relatively long, its weight decreases. As 
for cache replacement, two LRU lists are employed to 
separately manage temporally hot data chunks and 
long-term ones, which work to avoid the interference in 
the cache between these two types of data chunks, thus 
reducing migrations of data chunks to cache. 

The rest of this paper is organized as follows. 

Section 2 describes previous works. In Section 3, our 
caching method is presented. In Section 4, simulation 
results are presented to demonstrate the effectiveness 
and efficiency of our method. In Section 5, we 
conclude this paper and discuss our future work. 

 

2. Related Work 
 

In SAN environments, many strategies have been 
used to improve the performance of storage systems. 
Ergastulum [4] reported a way to automatically find the 
appropriate RAID levels for different streams. 
Hippodrome [6] automated the assignment of workload 
streams to different Logical Units (LUs) and 
reevaluated the performance results to reconfigure 
storage resources based on SAN virtualization. 
However, SAN-level caching has not yet been fully 
exploited to bridge the speed gap between front-end 
processors and storage subsystems.  

Caching on demand is too aggressive to be 
feasible in a SAN environment [5]  , because the 
intrinsic cache thrashing will result in a huge amount of 
data chunk migrations from disks to cache, which may 
counteract the benefits that cache hits bring to the 
system and thus may even make system performance 
worse. SANBoost [5] adopted a SAN-level caching 
method to alleviate cache thrashing, and it can improve 
the performance of a SAN system by caching data 
chunks whose access counts exceed a predefined 
migration threshold. However, this frequency-based 
caching method only takes into account the access 
counts of data chunks, without considering the 
temporal distribution of the accesses, and counting the 
number of accesses does not provide enough 
information to determine the recent hotness of the data 
chunks. It also sacrifices the hit ratio from temporally 
hot data chunks to control the migration rate, which 
causes insufficient caching. 

It is necessary to filter out sparsely-accessed 
chunks to avoid cache thrashing and to cache the 



temporally hot data chunks to further improve the hit 
ratio. This paper propose chunk-aging as a novel 
efficient caching method, which not only can identify 
and cache hot data chunks as early as possible but also 
can filter out the interference of sparsely-accessed 
chunks. Dahlin [8] introduced the concept of file-aging 
to improve network file cache performance. File-aging 
was also studied by Smith and Seltzer [9] in the context 
of file system benchmarks, and Miller [14] used 
file-aging to predict file usage for file migration. 

As for cache replacement, much research has been 
conducted on this issue. Recently proposed algorithms 
include LRU-k [10], LRFU [11], 2Q [12], MQ [13], 
and ARC [15]  . Some of them also use multiple LRU 
lists to manage the cache, such as 2Q and ARC. 
However, these methods are designed for on-demand 
caches and lack the migration control process. 

In this paper, we propose a cache replacement 
policy that is simple to implement. It uses chunk-aging 
to control the data migration process and uses two LRU 
lists to manage cache replacement. The cache 
replacement policy we adopt is thus as simple as the 
traditional classic LRU is. 

 

3. Our SAN-level Caching Method 
 

Our caching method logically consists of Data 
Chunk Stage-in and Data Chunk Stage-out. Stage-in 
makes use of chunk-aging to update the weight 
associated with each data chunk when it is accessed, 
and then caches this data chunk if it is qualified for 
caching. Stage-out employs two LRU lists to manage 
cache replacement. 

 

3.1. Data Chunk Stage-in 
 

Stage-in employs chunk-aging to control the 
migration process of data chunks from disks to cache. 
The main idea of chunk-aging is to take into account 
not only the access count for a data chunk but also the 

temporal distribution of its accesses. It associates a 
weight with each data chunk to determine the hotness 
of the data chunk. A data chunk is assigned a large 
weight if it is frequently accessed during the most 
recent period of time, and is assigned a small weight if 
it is sparsely accessed. By checking the weight, the 
hotness of a data chunk can be determined. 
Chunk-aging defines a data chunk to be hot if its 
weight is greater than a predefined migration threshold, 
and this data chunk is qualified for caching. 

The following formula is presented to update the 
weight of each data chunk when it is accessed, based 
on its historical weight: 
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where tn and tn+1 denote the time of two consecutive 
accesses to a data chunk with tn prior to tn+!, weight (tn) 
is the weight computed for the data chunk when it is 
accessed at tn. If a data chunk is accessed for the first 
time, its weight is initialized as 1. The term αis 
defined as the sensitivity coefficient of weight versus 
the passage of time. The larger α  is, the more 
drastically the weight changes with the passage of time. 
When α = 0, chunk-aging degenerates into a 
frequency-based caching method just as SANBoost.  

Chunk-aging updates the weight of a data chunk 
only when it is accessed, and the time and the weight of 
its very last access have to be recorded. Also, the 
access count of a data chunk is recorded for the 
convenience of cache replacement. In the rest of this 
section, we discuss how chunk-aging can solve the 
problems of insufficient caching and cache thrashing. 

Let weight0, weight1, weight2, and weight3 
respectively be the weights computed for a data chunk 
when it is accessed at t0, t1, t2, and t3, and let △ti 

(i=1,2,3) be the interval between ti and ti-1. We also 
assume the data chunk is accessed for the first time at t0 
and thus weight0 = 1, so we have: 
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The computation of weight3 is used as an example 
to analyze chunk-aging. If the interval between t0 and t3 

is long, namely (△t1+△t2+△t3) is large, then the 
effect that the access at t0 has on weight3, 

1 2 3( )t t te α− ∆ +∆ +∆ , is minute; if the accesses at t1, t2 and t3 

converge in a short period of time, namely △t2 and 
△t3 are small, then the effect that the accesses at t1 and 

t2 have on weight3, 2 3 3( )t t te eα α− ∆ +∆ − ∆+ , is huge and 

accordingly weight3 is large. Furthermore, if weight3 is 
larger than the predefined migration threshold, the data 
chunk will be cached. So, once a data chunk gets burst 
accesses, its weight will soon become greater than the 
migration threshold and it will soon get cached, and 
then subsequent accesses to the chunk will get data 
from the cache. So the problem of insufficient caching 
can be solved so that cache chances can be fully 
exploited. 

In order to show how chunk-aging avoids cache 
thrashing, we assume that a data chunk has been 
evicted from cache because it has received no access 
for a relatively long period of time since its last access, 
but it has a pretty large weight that has not been 
updated, since it has received no new access. Then if 
the chunk is accessed again △t time later, then its 

historical weight is multiplied by the factor te α− ∆  

and its weight is very likely to become less than the 
migration threshold, and thus the data chunk will not 
get cached right away. The data chunk can only get 
cached when it again receives dense accesses, and thus 
cache thrashing chances are greatly reduced.  

Chunk-aging detects and caches hot data chunks 

as early as possible. Just as analyzed above, by using 
chunk-aging, we succeed in solving the problems of 
insufficient caching and cache thrashing. 

 

3.2. Data Chunk Stage-out 
 

Stage-out provides a priority ordering of migrated 
chunks in the cache and evicts the least preferable 
chunks from cache to create spaces for incoming 
chunks. Once a long-term hot data chunk is cached, it 
should not soon be evicted from cache by temporally 
hot data chunks, so we partition a part of the cache 
resource to cache temporally hot data chunks and 
reserve the rest for long-term hot data chunks. And two 
LRU lists for cache replacement are maintained to 
separately manage these two parts to avoid interference 
between the two types of data chunks. One of the two 
LRU lists, referred to as LRU1, is used to manage 
temporally hot data chunks, and the other, LRU2, is 
used to manage long-term hot data chunks. 

When a non-cached data chunk receives burst 
accesses but its access count is less than a predefined 
number of times L (L equals 30 in our simulation), then 
the data chunk is identified as temporally hot, and if it 
is qualified for caching, it will be linked into LRU1. If 
there is no free space, one cached chunk in LRU1 will 
get evicted to create space for it; when a chunk in 
LRU1 gets accesses for more than the predefined 
number of times L, then the chunk is assumed to have 
become long-term hot and it will be removed from 
LRU1 and linked into LRU2. If there is no free space, 
one chunk in LRU2 will be evicted from the cache to 
create space for it; if a non-cached data chunk needs 
caching and it has already gotten accesses for more 
than the predefined number of times L, then the chunk 
will be directly linked into LRU2. 

By using these two LRU lists to separately 
manage temporally hot data chunks and long-term hot 
data chunks, it is ensured that long-term hot data 
chunks in the cache only get evicted to provide spaces 



for long-term hot data chunks that need caching, and so 
do temporally hot data chunks. By using this 
two-LRU-list replacement policy, our method succeeds 
in avoiding interference between the two types of data 
chunks and thus greatly decrease data migrations. 

 

3.3. Memory Cost and CPU Overhead 

 
The time and the weight of the very last access 

and the access count of a chunk have to be recorded. 
However, the chunk size (more than 128K) of a SAN 
cache is usually much larger than that a normal local 
cache (4K or 8K), which means that its proportional 
memory cost is still low. 

By using two LRU lists, Stage-out introduces only 
constant computing complexity. Since modern CPU 
has more powerful computing capability, this overhead 
will not introduce a large latency. 

 

4. Experimental Results and Evaluation 
 

4.1. Simulation Issues 

 

We built a primitive simulator and used a SPC 
[1]-1 web search trace for the simulation to examine 
the benefits obtained from using our caching method. 
This trace is collected within 2 hours, and is composed 
of 3,000,000 access records.. We measured the benefits 
achieved by caching from two aspects: the cache hit 
ratio and the migrations of data chunks from disks to 
cache. We implemented the SANBoost policy and 
compared our caching method with the on-demand 
caching method and SANBoost, in which 30 is used as 
the migration threshold. And we also investigated how 
the chunk-aging caching method behaves with the 
one-LRU-list replacement policy compared with our 
caching method, which adopts the two-LRU-list 
replacement policy. 

A 2-GB cache was simulated in our experiment. 

The 2-GB cache was envisioned to be composed of 
256-KB chunks (disks were assumed to be composed 
of 256-KB chunks too). 1/8 of all the cache chunks 
were used to cache temporally hot data chunks, and the 
rest were reserved for long-term hot data chunks. When 
using the trace for simulation, we did not discriminate 
whether an access record was a read or write access, 
and it was assumed that cache consistency was 
guaranteed, so consistency is not discussed here.  

Figure 2 shows the access histogram of the SPC-1 
trace, obtained by mapping block requests to the 
closest 256KB chunk boundaries. It can be seen from 
Figure 2 that many blocks are accessed less than 30 
times (the typical threshold used in SANBoost), and 
these chunks are skipped from caching by SANBoost, 
while our method fully exploits these opportunities to 
improve the hit ratio. Different from SANBoost, our 
method also caches long-term hot data chunks even 
when they are accessed for the first few times, but not 
till they are accessed for at least 30 times. 
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Figure 2. Histogram of Chunk Access Counts 
 

4.2 Experimental Results 
 

Each of the following figures shows a comparison 
of the hit ratio and migration number of different 
caching methods. The X-axis denotes the progress of 
the trace simulation, for example the point ‘8’ means 
that 80% of the whole trace has been played. As shown 



in Figure 3, the contradiction between the hit ratio and 
migration number is obvious: the higher the hit ratio is, 
the larger the migration number is. The hit ratio 
achieved by chunk-aging caching is respectively 
29.3%, 32.1% and 39.5% higher than SANBoost 

caching, while the migration number is 391,164, 
433,510 and 623,955 respectively larger than that of 
the SANBoost, 58,408. Although the hit ratio achieved 
by on-demand caching is 44.7% higher than SANBoost 
caching, it migrates 1,100,000 more data chunks.  
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Figure 3. Comparison between on-demand caching, SANBoost caching and chunk-aging based caching, using one 
LRU list to manage cache replacement, and the migration threshold is 1.5 and αis 1, 0.1 and 0.01 respectively. 

When the migration threshold remains unchanged, 
the hit ratio and migration number increase as α 
decreases. This is because a small αvalue makes the 
weight less sensitive to the passage of time. It will 
increase as long as the data chunk is accessed, even if 
the interval between two consecutive accesses is long. 
 We can see from Figure 3 that although the hit 
ratio achieved by chunk-aging is higher than that of the 
SANBoost, the migration number increases too fast to 

be bearable. The reason for this is that only one LRU 
list is used to manage all the cache resources, and when 
the cache is full, temporally hot data chunks may 
replace the least recent long-term hot data chunk in the 
cache, which results in interference between the two 
types of data chunks and makes the migration number 
explode. This phenomenon also appears in Figure 4, 
which shows that the smaller the migration threshold 
is, the larger the hit ratio and migration number are. 
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Figure 4. Comparison between on-demand caching, SANBoost caching and chunk-aging based caching, using one 
single LRU list to manage cache replacement.αis 0.01 and the migration threshold is 3.0, 2.0 and 1.5 respectively. 



The benefits obtained from our method, which is 
based on chunk-aging and uses two LRU lists to 
manage cache replacement, are shown in Figure 5. And 
because two LRU lists are used to prevent interference 
between temporally hot data chunks and long-term hot 
data chunks, the contradiction between hit ratio and 
migration number is largely mitigated. When the 

migration threshold is 4.0, 3.0 and 2.0, the hit ratio 
achieved by our method is 27.2%, 38.5% and 49.8% 
respectively higher than that of SANBoost, and the 
migration number is 0.91, 1.39 and 2.82 times that of 
SANBoost. The simulation results demonstrate that our 
method provides better performance with respect to 
both the hit ratio and the migration number. 
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Figure 5. Comparison between on-demand caching, SANBoost caching and our caching method, which uses 
two LRU lists to manage cache replacement, where αis 0.1 and the migration threshold is 4.0, 3.0 and 2.0. 

 

5. Conclusion and Future Work 
 

This paper presents an efficient SAN-level caching 
method in which chunk-aging is proposed to control 
the migrations of hot data chunks, and by considering 
the access counts of data chunks, hot data chunks are 
categorized into temporally hot data chunks and 
long-term hot data chunks. Two LRU lists are used to 
separately manage cache resources for these two types 
of data chunks. As the simulation results show, unlike 
either the on-demand caching or SANBoost, our 
method not only achieves a high hit ratio but also 
ensures a relatively low migration rate. When the 
migration threshold equals 3.0 and αequals 0.1 in our 
method, the hit ratio reaches 55.1%, which is 3.32 
times that of SANBoost caching, and its migration 
number is only 7.1% that of on-demand caching (the 
migration number of SANBoost caching is 5.1% of 

on-demand caching). Our method gets much closer to 
the goal of achieving a high hit ratio while minimizing 
data chunk migrations. 

Since different sensitivity coefficients of weight 
versus the passage of time αand different migration 
thresholds in our method will result in different 
benefits for cache hits and migrations, which will 
further influence the response time and throughput of 
systems, our future work will be focused on by on-line 
observing the average response time of the storage 
subsystem to develop a dynamic policy to tune α and 
the migration threshold. 
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