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Figure 6: RUBiS. Prefetching benefit in terms of miss
rate and average read latency.

0%

25%

50%

75%

100%

LRU SEQ RUN CMINER QMINE

HIT PROMOTE MISS

(a) Hit/Miss/Promote

1

2

3

LRU SEQ RUN CMINER QMINE

A
v
g
.
R
e
a
d

L
a
te

n
cy

(m
s)

LRU SEQ RUN CMINER QMINE

(b) Average Read Latency

Figure 7: DBT-2. Prefetching benefit in terms of miss
rate and average read latency for 1024MB storage cache.

Hence, only a few prefetch rule prefixes derived during
training can be later matched on-line, while many rule
suffixes are pruned due to low confidence. QuickMine
overcomes the limitations of C-Miner∗ by tracking cor-
relations per context.

The performance of the prefetching algorithms is re-
flected in the average read latency as well. As shown
in Figure 6(d), the sequential prefetching schemes (SEQ
and RUN) reduce the average read latency by up to 10%
compared to LRU. The reductions in miss rate using
QuickMine translate to reductions in read latencies of
45% (512MB) and 22% (1024MB) compared to LRU,
corresponding to an overall storage access latency reduc-
tion by a factor of 1.63 for the 512MB cache and 1.3 for
the 1024MB cache.

DBT-2: Prefetching is difficult for DBT-2, since the
workload mix for this benchmark contains a high frac-
tion of writes; furthermore, some of its transactions issue
very few I/Os. The I/O accesses are not sequential.
As Figure 7 shows, the lack of sequentiality causes the
sequential prefetching algorithms to perform poorly. Se-
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Figure 8: RUBiS10/TPC-W10. We show the number of
prefetches issued (in thousands) and the accuracy of the
prefetches.

quential prefetching schemes decrease the miss rate by
less than 1%. C-Miner∗ and QuickMine perform slightly
better. C-Miner∗ lowers the miss rate by 2% and Quick-
Mine reduces the miss rate by 6%. However, the high
I/O footprint of this benchmark causes disk congestion,
hence increases the promote latency. Overall, the average
read latency increases by 2% for the sequential prefetch-
ing schemes and C-Miner∗, while the read latency is re-
duced by 3% for QuickMine.

6.2 Detailed Analysis
In this section, we evaluate the prefetching effectiveness
of the different schemes by measuring the number of
prefetches issued and their accuracy, i.e., the percentage
of prefetched blocks consumed by the application. Both
metrics are important since if only a few prefetches are
issued, their overall impact is low, even at high accuracy
for these prefetches. We also compare the two history-
based schemes, QuickMine and C-Miner∗, in more de-
tail. Specifically, we show the benefits of context aware-
ness and the benefit of incremental mining, versus static
mining.

Detailed Comparison of Prefetching Effectiveness:
In Figure 8, we show the number of prefetches issued,
and their corresponding accuracy for all prefetching al-
gorithms. For TPC-W10 with a 512MB cache, shown in
Figure 8(a), QuickMine issues 2M prefetches, while C-
Miner∗, SEQ, and RUN issue less than 500K prefetches.
The RUN scheme is the least accurate (< 50%) since
many prefetches are spuriously triggered. The SEQ
scheme exhibits a better prefetch accuracy of between
50% and 75% for the three cache sizes. Both QuickMine
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and C-Miner∗ achieve greater than 75% accuracy. While
C-Miner∗ has slightly higher accuracy than QuickMine
for the rules issued, this accuracy corresponds to sub-
stantially fewer rules than QuickMine. This is because,
many of the C-Miner∗ correlation rules correspond to
false correlations at the context switch boundary, hence
are not triggered at runtime. As a positive side-effect, the
higher number of issued prefetches in QuickMine allows
the disk scheduler to re-order the requests for optimizing
seeks, thus reducing the average prefetch latency. As a
result, average promote latencies are significantly lower
in QuickMine compared to C-Miner∗, specifically, 600µs
versus 2400µs for the 512MB cache. For comparison, a
cache hit takes 7µs on average and a cache miss takes
3200µs on average, for all algorithms.

For RUBiS10 with a 512MB cache, shown in Fig-
ure 8(c), QuickMine issues 1.5M prefetches, which is ten
times more than C-Miner∗ and SEQ. In the RUN scheme,
the spatial locality of RUBiS causes more prefetches
(250K) to be issued compared to SEQ, but only 38%
of these are accurate, as shown in Figure 8(d). As be-
fore, while C-Miner∗ is highly accurate (92%) for the
prefetches it issues, substantially fewer correlation rules
are matched at runtime compared to QuickMine, due to
false correlations. With larger cache sizes, there is less
opportunity for prefetching, because there are fewer stor-
age cache misses, but at all cache sizes QuickMine issues
more prefetch requests than other prefetching schemes.
Similar as for TPC-W, the higher number of prefetches
results in a lower promote latency for QuickMine com-
pared to C-Miner∗ i.e., 150µs versus 650µs for RUBiS
in the 512MB cache configuration.

Benefit of Context Awareness: We compare the to-
tal number of correlation rules generated by frequent se-
quence mining, with and without context awareness. In
our evaluation, we isolate the impact of context aware-
ness from other algorithm artifacts, by running C-Miner∗

without rule pruning, on its original access traces of RU-
BiS and DBT-2, and the de-tangled access traces of the
same. In the de-tangled trace, the accesses are separated
by thread identifier, then concatenated. We notice an or-
der of magnitude reduction in the number of rules gen-
erated by C-Miner∗. Specifically, on the original traces,
C-Miner∗ without rule pruning generates 8M rules and
36M rules for RUBiS and DBT-2, respectively. Using
the de-tangled trace, C-Miner∗ without rule pruning gen-
erates 800K rules for RUBiS and 2.8M rules for DBT-2.
These experiments show that context awareness reduces
the number of rules generated, because it avoids gener-
ating false block correlation rules for the blocks at the
context switch boundaries.

Another benefit of context-awareness is that it makes
parameter settings in QuickMine insensitive to the con-
currency degree. For example, the value of the looka-

head/gap parameter correlates with the concurrency de-
gree in context oblivious approaches, such as C-Miner∗,
i.e., needs to be higher for a higher concurrency degree.
In contrast, QuickMine’s parameters, including the value
of the lookahead parameter, are independent of the con-
currency degree; they mainly control the prefetch aggres-
siveness. While the ideal prefetch aggressiveness does
depend on the application and environment, QuickMine
has built-in dynamic tuning mechanisms that make it ro-
bust to overly aggressive parameter settings.

The ability to dynamically tune the prefetching de-
cisions at run-time is yet another benefit of context-
awareness. For example, in TPC-W, QuickMine au-
tomatically detects that the BestSeller and the symbi-
otic pair of Search and NewProducts benefit the most
from prefetching, while other queries in TPC-W do not.
Similarly, it detects that only the StockLevel transac-
tion in DBT-2 benefits from prefetching. Tracking the
prefetching benefit per context allows QuickMine to se-
lectively disable or throttle prefetching for low perform-
ing query templates thus avoiding unnecessary disk con-
gestion caused by useless prefetches. In particular, this
feature allows QuickMine to provide a small benefit for
DBT-2, while C-Miner∗ degrades the application perfor-
mance.

Benefit of Incremental Mining: We show the ben-
efit of dynamically and incrementally updating correla-
tion rules through the use of the LRU based rule cache
as in QuickMine versus statically mining the entire se-
quence database to generate association rules as in C-
Miner∗ [24, 25]. Figure 9 shows the number of promotes,
cumulatively, over the duration of the experiment for C-
Miner∗, C-Miner∗ with periodic retraining (denoted as
C-Miner+) and QuickMine. For these experiments, we
train C-Miner∗ on the de-tangled trace to eliminate the
effects of interleaved I/O, hence make it comparable with
QuickMine. As Figure 9 shows, the change in the ac-
cess patterns limits the prefetching effectiveness of C-
Miner∗, since many of its mined correlations become
obsolete quickly. Thus, no new promotes are issued af-
ter the first 10 minutes of the experiment. In C-Miner+,
where we retrain C-Miner∗ at the 10 minute mark, and at
the 20 minute mark of the experiment, the effectiveness
of prefetching improves. However, C-Miner+ still lags
behind QuickMine, which adjusts its rules continuously,
on-the-fly. By dynamically aging old correlation rules
and incrementally learning new correlations, QuickMine
maintains a steady performance throughout the experi-
ment. The dynamic nature of QuickMine allows it to au-
tomatically and gracefully adapt to the changes in the I/O
access pattern, hence eliminating the need for explicit re-
training decisions.
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Figure 9: Incremental Mining. When access patterns
change, the performance of static mining deteriorates
over time.

7 Related Work

This section discusses related techniques for improving
caching efficiency at the storage server, including: i) col-
laborative approaches like our own, which pass explicit
hints between client and storage caches, or require more
extensive code restructuring and reorganization, ii) gray-
box approaches, which infer application patterns at the
storage based on application semantics known a priori,
and iii) black box approaches, which infer application
patterns at the storage server in the absence of any se-
mantic information.

Explicitly Collaborative Approaches. Several ap-
proaches pass explicit hints from the client cache to the
storage cache [6, 12, 23, 28]. These hints can indicate,
for example, the reason behind a write block request to
storage [23], explicit demotions of blocks from the stor-
age client to the server cache [41], or the relative impor-
tance of requested blocks [7]. These techniques modify
the interface between the storage client and server, by
requiring that an additional identifier (representing the
hint) be passed to the storage server. Thus, similar to
QuickMine, these techniques improve storage cache ef-
ficiency through explicit context information. However,
as opposed to our work, inserting the appropriate hints
needs thorough understanding of the application inter-
nals. For example, Li et al. [23] require the understand-
ing of database system internals to distinguish the con-
text surrounding each block I/O request. In contrast, we
use readily available information within the application
about preexisting contexts.

In general, collaboration between the application and
storage server has been extensively studied in the con-
text of database systems, e.g., by providing the DBMS
with more knowledge of the underlying storage charac-
teristics [32], by providing application semantic knowl-
edge to storage servers i.e., by mapping database re-
lations to objects [33], or by offloading some tasks to
the storage server [31]. Other recent approaches in

this area [4, 11, 15] take advantage of context informa-
tion available to the database query optimizer [11, 15],
or add new middleware components for exploiting ex-
plicit query dependencies e.g., by SQL code re-writing
to group related queries together [4]. Unlike our tech-
nique, these explicitly collaborative approaches require
substantial restructuring of the database system, code re-
organization in the application, or modifications to the
software stack in order to effectively leverage semantic
contexts. In contrast, we show that substantial perfor-
mance advantage can be obtained with minimal changes
to existing software components and interfaces.

Gray-box Approaches. Transparent techniques for
storage cache optimization leverage I/O meta-data, or ap-
plication semantics known a priori. Meta-data based ap-
proaches include using file-system meta-data, i.e., dis-
tinguishing between i-node and data blocks explicitly,
or using filenames [5, 20, 22, 35, 43], or indirectly by
probing at the storage client [2, 3, 37]. Alternative tech-
niques based on application semantics leverage the pro-
gram backtrace [12], user information [43], or specific
characteristics, such as in-memory addresses of I/O re-
quests [8, 18] to classify or infer application patterns.

Sivathanu et al. [36] use minimally intrusive instru-
mentation to the DBMS and log snooping to record a
number of statistics, such that the storage system can pro-
vide cache exclusiveness and reliability for the database
system running on top. However, this technique is
DBMS-specific, the storage server needs to be aware of
the characteristics of the particular database system.

Graph-based prefetching techniques based on discov-
ering correlations among files in filesystems [13, 21] also
fall into this category, although they are not scalable to
the number of blocks typical in storage systems [24].

In contrast to the above approaches, our work is gen-
erally applicable to any type of storage client and appli-
cation; any database and file-based application can ben-
efit from QuickMine. We can use arbitrary contexts, not
necessarily tied to the accesses of a particular user [43],
known application code paths [12], or certain types of
meta-data accesses, which may be client or application
specific.

Black Box Approaches. Our work is also related to
caching/prefetching techniques that treat the storage as
a black box, and use fully transparent techniques to in-
fer access patterns [10, 17, 26, 27]. These techniques
use sophisticated sequence detection algorithms for de-
tecting application I/O patterns, in spite of access in-
terleaving due to concurrency at the storage server. In
this paper, we have implemented and compared against
two such techniques, run-based prefetching [17], and
C-Miner∗ [24, 25]. We have shown that the high con-
currency degree common in e-commerce applications
makes these techniques ineffective. We have also argued
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that QuickMine’s incremental, dynamic approach is the
most suitable in modern environments, where the num-
ber of applications, and number of clients for each ap-
plication, hence the degree of concurrency at the storage
server vary dynamically.

8 Conclusions and Future Work

The high concurrency degree in modern applications
makes recognizing higher level application access pat-
terns challenging at the storage level, because the storage
server sees random interleavings of accesses from dif-
ferent application streams. We introduce QuickMine, a
novel caching and prefetching approach that exploits the
knowledge of logical application sequences to improve
prefetching effectiveness for storage systems.

QuickMine is based on a minimally intrusive method
for capturing high-level application contexts, such as
an application thread, database transaction, or query.
QuickMine leverages these contexts at the storage cache
through a dynamic, incremental approach to I/O block
prefetching.

We implement our context-aware, incremental min-
ing technique at the storage cache in the Network Block
Device (NBD), and we compare it with three state-of-
the-art context-oblivious sequential and non-sequential
prefetching algorithms. In our evaluation, we use
three dynamic content applications accessing a MySQL
database engine: the TPC-W e-commerce benchmark,
the RUBiS auctions benchmark and DBT-2, a TPC-C-
like benchmark. Our results show that context-awareness
improves the effectiveness of block prefetching, which
results in reduced cache miss rates by up to 60% and sub-
stantial reductions in storage access latencies by up to a
factor of 2, for the read-intensive TPC-W and RUBiS.
Due to the write intensive nature and rapidly changing
access patterns in DBT-2, QuickMine has fewer opportu-
nities for improvements in this benchmark. However, we
show that our algorithm does not degrade performance
by pruning useless prefetches for low performing con-
texts, hence avoiding unnecessary disk congestion, while
gracefully adapting to the changing application pattern.

We expect that context-aware caching and prefetching
techniques will be of most benefit in modern data center
environments, where the client load and number of co-
scheduled applications change continuously, and largely
unpredictably. In these environments, a fully on-line, in-
cremental technique, robust to changes, and insensitive
to the concurrency degree, such as QuickMine, has clear
advantages. We believe that our approach can match the
needs of many state-of-the-art database and file-based
applications. For example, various persistence solutions,
such as Berkeley DB or Amazon’s Dynamo [9], use a
mapping scheme between logical identifiers and physi-

cal block numbers e.g., corresponding to the MD5 hash
function [9]. Extending the applicability of our Quick-
Mine algorithm to such logical to physical mappings is
an area of future work.
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