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Abstract—This paper proposes an SSD-inside data prefetching
scheme, which has features of OS-dependence and use trans-
parency. To be specific, it first mines frequent block access
patterns that reflect the correlation among the occurred requests.
Then it compares the requests in the current time window
with the identified patterns, to direct fetching data in advance.
Furthermore, to maximize the cache use efficiency, we construct
a method to adaptively determine the cache partition on the
basis of I/0 workload characteristics, for separately buffering the
prefetched data and the write data. Experimental results demon-
strate that our proposal can yield improvements on average
read latency by 6.3% to 9.3% without noticeably increasing
write latency, in contrast to conventional SSD-inside prefetching
schemes.

Index Terms—SSD Cache, Frequent Access Pattern, Prefetch-
ing, Adaptive Cache Replacement, I/O Time.

I. INTRODUCTION

The NAND flash memory-based solid-state drives (SSDs)
are commonly employed in PCs, data centers and supercom-
puters, because of their features of small size, high perfor-
mance, random-access performance and low energy consump-
tion [3], [4], [14]. Apart from a NAND flash array that holds
data, an SSD device generally has a micro-controller and a
RAM memory. To be specific, the micro-controller runs Flash
Translation Layer (FTL) to deal with logical-physical address
mapping, garbage collection (GC) and wear-leveling (WL) [5],
[11]. The RAM memory is used as the buffer inside of SSD!
to cut down the number of write operations to the flash array,
as well as keeping address mapping data structures [2], [22].

Data prefetching is a commonly used optimization scheme
for disk based file systems, where fetching data from the disk
dominates the overhead of read operations [17]. Specially,
prefetching works well for target applications having regular
access patterns on reads, such as database servers or scientific
computations [17]. In an SSD setting, prefetching can mask
read latency in flash data blocks, as the needed data were
fetched to the RAM memory in advance. Consequently, it has
been successfully applied to a variety of SSD-based storage
systems [2], [9], [21].

Considering the memory size and processing power were
limited in early SSDs, the main concern of existing prefetching
schemes was to result in low cost and low power consumption

IThe terms SSD RAM memory and SSD cache are used interchangeably
in this paper.
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[2]. As a result, most of them were involved with the operating
system layer or even both of the operating system layer and
SSDs [9], [21], which must damage the natures of compatibil-
ity and transparency. Although some inside SSD prefetching
schemes have been proposed, their prediction models were
generally confined to the limited resources, and can work for
only a few application scenarios [2].

Nowadays SSDs have more computing power and memory
capacity in micro-controllers than before. For example, the
Cosmos OpenSSD platform [1], which is publicly released
by the OpenSSD project, is equipped with more than 100MB
SDRAM and an embedded 1GHz ARM CPU. We argue that
designing a (near) universal prefetching scheme inside of SSDs
becomes available, and such inside prefetching approaches do
have advantages of OS-independence and use-transparency.

More importantly, the SSD cache is used to buffer not only
the write data, but also the prefetched data if the prefetch-
ing functionality is enabled. On the one hand, conventional
prefetching methods adopt a fixed size of cache or share
the whole cache with write requests to buffer the prefetched
data [2], [9], [21]. On the other hand, for boosting cache use
efficiency, the division of write/read cache should depend on
real-time read/write workloads and the cache hit accuracy.

To address the aforementioned issues, this paper proposes
an SSD-inside prefetching mechanism, to better support data
prefetching. In summary, it makes the following contributions:

« We propose a frequent access pattern-based prefetching

scheme. It mines the frequent access patterns from the
history of read requests, to guide prefetching data in the
current time window. Moreover, we introduce an adaptive
cache management policy for separately buffering the
write data and the prefetched data in SSDs, on the basis
of I/O workload characteristics.

e« We conduct preliminary simulation evaluation by using

4 block traces of real world applications. As our mea-
surements indicate, the newly proposed data prefetching
mechanism can effectively reduce the average read la-
tency without noticeably increasing write latency.

The rest paper is organized as follows: the background
knowledge and related work are introduced in Section II.
Section IIT specifically describes the proposed pattern-based
prefetching scheme, and the adaptive cache partition manage-
ment policy. Section IV presents the evaluation methodology
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and reports the experimental results. The paper is concluded
in Section V.

II. BACKGROUND AND RELATED WORK

This section briefly describes related work on data prefetch-
ing and other SSD-inside I/O optimization strategies.

Data prefetching and prediction models. For the purpose
of achieving potential performance enhancements of storage
systems, a variety of I/O history analysis-based I/O opti-
mization mechanisms have been proposed [7], [12]. In fact,
data prefetching has to predict future possible read requests
to direct fetching data in advance. It means the accuracy of
request prediction is critical to the effectiveness and applicabil-
ity of data prefetching. Then, hidden Markov models, neural
networks or other predictive algorithms are used to forecast
I/0 operations through analyzing I/O access patterns of the
application [2], [6], [16], [21].

Prefetching approaches inside of SSD. Flashy prefetching
aims to enhance prefetching effectiveness for SSDs [21].
Though this method runs at the application level, it still relies
on operating systems to collect the I/O traces and manage the
cached data. Lynx is another prefetcher for SSDs but running
at OS layer in Linux kernel [9]. It employs Markov chains to
forecast future read requests, to direct prefetching.

Xu et al. [23] argued that OS-dependent prefetching is lack
of the features of use-transparency and compatibility. They
have thus proposed an SSD-inside prefetching mechanism
at FTL, without any modifications to OS or applications. It
adopts a divide-and-conquer algorithm to reduce time and
space complexity when conducting data prefetching, as they
believe some SSDs may be resource-limited. However, nowa-
days SSDs are commonly equipped with powerful compute
processing unit and considerable size of RAM.

SSD cache management for prefetched data. Considering
both write data and prefetched data are buffered in SSD RAM,
existing SSD prefetching schemes generally take advantage of
a fixed cache division policy for buffering data. For instance,
in the resource-optimized prefetcher, the size of the cache
for holding the prefetched data is configured as 128KB
in evaluation experiments [23]. On the other side, different
applications have varied read/write footprints, so that it does
not make sense to allocate an unchanging part of cache for
holding the prefetched data with respect to all cases.

SSD-inside Optimizations. A considerable number of studies
exploit the computational power of SSD controller by offload-
ing the data-intensive tasks to the embedded cores of SSDs
[8], [19], [20]. For example, Jun et al. [8] take advantage of
in-storage processing capacity to perform big data analytics,
by exemplarily integrating the Morris-Pratt (MP) string search
engine in SSD. In addition, Pei et al. [15] propose Registor,
which aims to eliminate I/O bottlenecks in unstructured data
processing that needs regex search. To this end, they have
designed a hardware engine for regex search and deployed it
inside of flash SSD, to deal with data on-the-fly during data
transmission from SSD to host.
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Fig. 1. High level overview of processing a read request in Cacher-SSD.
It has two new features: (i) A software component of Cacher running at
FTL, which is in charge of prefetching read data. (ii) the separate division of
RAM dynamically adjusts to fit varied read/write workloads for holding the
prefetched data.

III. PATTERN-BASED SSD PREFETCHING
A. System Architecture

Figure 1 shows the high level overview of the proposed
SSD-inside prefetching scheme, named as Cacher-SSD. In the
case of cache is hit, the read request is satisfied with the data
buffered in SSD RAM. Otherwise, the data stored in the flash
data blocks will be read and forwarded to the application.

As seen, in addition to address mapping, garbage collection
and wear-leveling, a new software component of Cacher runs
at FTL. To be specific, Cacher deals with mining patterns,
representing patterns and matching the identified patterns with
the current requests, to direct data prefetching. Moreover,
Cacher is in charge of cache space management, for separately
buffering the write data and the prefetched data. We do not
modify the garbage collection policy and the wear-leveling
policy in this work and assume Cacher-SSD continues to
employ the default ones.

B. Pattern-based Prefetching

1) Identifying and Modeling Frequent Access Patterns: The
process of exploring access patterns can be addressed by the
following two steps:

Step 1: The problem of mining the frequent patterns in our
scenario can be described as follows: Let T = {a1, as, ..., an}
be a set of logical addresses of n requests in the I/O track.
The aim is to discover a collection of frequent patterns from
the input I/O trace of T. A frequent access pattern can be
expressed as P; = {ay, ..., a, }, where all logical addresses of
requests, such as a; and a,, appear multiple times in 7.

We use a frequent item set mining approach called as the
FP-Growth algorithm [18], to unearth frequent patterns by
analyzing the requests in the previous time window. Conse-
quently, we can acquire a number of frequent item sets, such
as {Addy, Adds, Adds,4}. This exampled pattern has three
frequently requested addresses, and the number of 4 is the
minimum support, which implies all three addresses have been
accessed with at least four times in all considered requests.

Step 2: After Step 1, it is possible to obtain many inde-
pendent sets of access patterns. For the purpose of refining
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Fig. 2. Matching matrix of requests and patterns. Note that we use 1

representing the corresponding logical sector number is in a specific pattern,
and it has been accessed since the last processing round, and utilize 0 standing
for other cases.

access patterns, we first sort them in descending order, by
referring accessed time of addresses in patterns. Then, we
check the access pattern that follows each occurrence of an
identified pattern, and attempt to extend it. If more than half
of elements in a specific pattern are also in another pattern,
we carry out a union operation of two patterns, to form a new
access pattern. Note that no extension to the access patterns
should be performed if the number of access events in the
extended pattern would exceed the upper limit.

2) Pattern Matching for Data Prefetching: The effective-
ness of prefetching is primarily dependent on the prediction ac-
curacy of future access requests [10]. The basic idea of pattern-
based prefetching is to compare the current read requests with
identified frequent patterns. In the case of a (major) part of
addresses in a specific pattern have been accessed, it forecasts
other remaining addresses in the same pattern are most likely
to be requested in the near future. As a result, the relevant data
of remaining addresses are supposed to be read in advance.

Furthermore, the speed of predictions on future requests is
also critical to the effectiveness of the prefetching mechanism.
For the purpose of accelerating the matching process, we have
introduced a matrix to reflect the relationship between the
logical sector numbers (LSNs) of requests and the identified
patterns. As illustrated in Figure 2, there are m identified
patterns, and each row of pattern shows its member elements
(labeled as request LSNs). In the case of dealing with a read
request, all elements in the corresponding column will be set
as 1, if its logical sector number is a part of the pattern.

Supposing the prefetching trigger condition is about more
than a half of LSNs have been accessed in the pattern (i.e. the
metric of Matching hit threshold in Table I of Section IV-A),
and the data of remaining addresses are supposed to be fetched
in advance. We take a case shown in Figure 2 as an example.
The pattern of Py has 6 LSNs of (0, 1, 3, k, k+1, n), in which
0, k and k+1 were requested. If the coming request targets at
address of n, the process of data prefetching on LSNs of /
and 3 will be activated, as a (major) part of addresses in this
pattern have been accessed.

C. Adaptive Cache Management

For the purpose of improving the efficiency of cache use
in SSD, we adaptively separate the cache for buffering the
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written data and the prefetched data respectively at different
time windows of I/O processing.

The basic idea of adaptive cache management is to dy-
namically adjust the cache use on the basis of several impact
factors. They are the numbers of read and write requests, the
size of read and write space, and the numbers of read and
write hits in cache in the previous time window.

First, we determine whether the prefetching functionality
should be enabled or not after analyzing the statistical data of
occurred I/O requests, by referring Equation 1. That is to say,
the prefetching functionality is supposed to be dynamically
disabled in specific time windows if 7 is not less than a
predefined value; otherwise, it will be supported.

B E Prefetchp;ss

= 1
R X Prefetchqy M

where R and W are the numbers of total read and write
requests in the previous time window. The parameters of
Prefetch,;ss and Prefetchgy; indicate the numbers of non-
hit prefetches and the total prefetches. Note that the minimum
value of these parameters is fixed as 1, though they might be
0 in some cases.

While prefetching is enabled, the proposed approach can
make use of Equation 2 to calculate the ratio of SSD cache
for holding the prefetched data.

Sizeg o R-W
B R+ W
where 0p,sc is the base ratio of prefetch cache. Sizer and
Stizey represent the read and write size in the previous time
window. « and [ denote the saved time caused by a read
request being hit in the cache, and by a write request being
hit in the cache. R and W are the numbers of occurred read
and write requests in the previous time window.

In fact, o and 8 are two constants depending on platform
configurations, Sizer, Sizey, R and W are four statistical
values collected from the occurred requests. As a consequence,
we may have varied sizes of cache (0 for prefetching func-
tionality disabled) for buffering the prefetched data at different
time windows of running an application.

To achieve the goal of adaptive tuning the cache use for
separately buffering the write data and the prefetched data,
we evict either the cached write data or the prefetched data
to load the new data, according to the partition ratio of cache
use (i.e. 6.y, in the current time window. Note that although
we designate what type of data should be evicted, we still
take advantage of the default policy, i.e. Least Recently Used
(LRU) to practically ejected a corresponding page of data.

Algorithm 1 shows the specifications on the adaptive cache
replacement scheme. In which, Line 7 identifies which part
of cached data should be evicted. Specially, it compares the
current cache ratio of prefetched data (i.e. f_cur) to the one in
the previous time window (i.e. #_prev), to decide which kind
of cached data should be replaced by the new data. Lines 8-
13 present the details of dealing with a missed write request.

0= ebase X

2

Sizew
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Algorithm 1: Adaptive cache replacement policy

Input: args of cache_size, 0_cur, 0_prev;
Output: completion of I/O processing in the I/O queue;

1 /*0: replacing read pages, 1: replacing write pages*/

2 replace_target = 0;

3 /* processing requests in the current time window */

4 for req in I/0 Queue do

5 if req hits in Cache then

6 | continue;

7 replace_target = 0_cur > 0_prev ? 1:0;

8 /*evicting cached data and buffering new write data*/
if req is a Write then

10 Iru_replace(req — size, replace_target)

11 if /rep_flag then

12 L 0_cur -= req — size/cache_size;

13 load_in_cache(req — data);

14 [*carrying out pattern-based data prefetching */

15 else if req hits in read_pattern then

16 pattern_prefetch(&bu f, read_pattern);

17 Iru_replace(buf — size, replace_target);

18 if rep_flag then

19 L 0_cur += req — size/cache_size;

20 load_in_cache(buf — data);

21 /* preparing the ratio parameter for next round. */
22 0_prev = 0_cur;

Lines 14-20 show a process of carrying out pattern-based
prefetching.

IV. EXPERIMENTS AND EVALUATION
A. Experiment Setup

We have performed trace-driven simulation with SSDsim
(ver2.1), which has a diverse set of configurations and supports
of TLC flash simulation [24]. We have integrated our proposal
with SSDsim, for supporting data prefetching inside of SSDs.
Table I demonstrates our settings of SSDsim in experiments.

We employed 4 commonly used disk traces from the block
I/O trace collection of Microsoft Research Cambridge [13].
The detailed specifications on the traces are shown in Table
II. Besides, the following schemes are used in evaluation tests:

- Baseline: which indicates the feature of data prefetching
is not supported. That is to say, the SSD cache is only
used for buffering write data.

- Lynx: it employs Markov chains to forecast possible read
requests in the future for directing data prefetching. The
original Lynx runs at OS layer of Linux [9], but our Lynx
implementation runs at FTL for comparison fairness.

- Resource-Optimized Prefetching (ROP): which also
makes use of a Markov chains-based learning algorithm
to predict batches of future reads, for eventually directing
data prefetching [23]. But, a resource-optimized algo-
rithm is used reduce the memory usage for holding the
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TABLE 1
EXPERIMENTAL SETTINGS OF SSDsim (TLC CELL)

Parameters Values | Parameters Values
Capacity 32GB | Read time 0.075ms
Page per block 192 Write time 2.67ms
Page size 8K Cache read/write 0.001us
Cache size 32MB Elements in pattern [4, 10]
Fixed prefetched cache 8% Matching hit threshold 50%

Note: Parameters of o and [ in Equation 2 are then configured as
0.074ms and 2.669ms.

TABLE 1T
SPECIFICATIONS ON SELECTED DISK TRACES

Trace # of Req. Read ratio Read size Read/All footprint
hm_0 3993316 35.5% 7.4KB 2.72/7.64GB
usr_0 2237889 40.4% 40.9KB 2.32/3.96GB
src2_2 1156885 30.3% 68.1KB 20.67/54.49GB
mds_0 | 1211034 11.9% 40.9KB 2.93/3.82GB

prefetched data. In other words, it will pick up what data
of pages should be exactly prefetched after Markov chains
prediction.

We argue that ROP might be the most related work to
ours, as it is implemented inside of SSDs and has the
features of OS-dependence [23].

- Pattern: which is the newly proposed prefetching scheme.
It enables frequent pattern-based data prefetching inside
of SSDs and supports adaptive cache partition for sepa-
rately bufferring the write data and the prefetched data.

The number of I/O requests in each time window is setting
to 1024. And we select the first 256 requests in each window
to generate frequent patterns to guide prefetching. After certain
preliminary tests and sensitive analysis, we set the predefined
threshold for 7, which is used for enabling or disabling the
prefetching functionality, as 0. 1. In addition, the base ratio of
prefetching cache shown in Equation 2 is configured as 0.15
in our tests.

B. Results and Discussion

1) Read Response Time: Figure 3 shows the average read
latency of the selected block traces, while using different
prefetching schemes and Baseline. As seen, three prefetching
schemes can achieve an improvement on average read response
time in a major part of traces. Specifically, the proposed
Pattern can reduce the read latency by 9.2%, 6.3%, and
9.3% on average, in contrast to Baseline, Lynx, and ROP.

Another noticeable clue shown in Figure 3 is about all
prefetching schemes do not outperform Baseline, in the case of
processing Am_0. This is because in the hm_0 trace, 60.1%
hot read addresses are also the hot write address?, so that
prefetching cannot offset the overhead of moving some write
data out of the cache. In addition, im_0 consists of many small

’In this case, we define hot access addresses if they have been requested
not less than 4 times.

723



0.6

041

Normalized Read Response Time

020

usr_0 sre2_2

Block I/0 Traces

Fig. 3. Average read latency of selected block traces.

1.2 T I
[] Baseline [l Lynx []ROP Pattern

081

0.6

04

Normalized Overall Processing Time

hm_0 usr_0 src2 2 mds_0

Block I/O Traces
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read requests, whose size is even less than the prefetching unit,
i.e. a page of 8K, that might be detrimental to prefetching.

But, it is worth to mention that the Pattern approach yields a
very similar read latency to Baseline, as it is able to adaptively
cut down the capacity of prefetch cache to 0 and all cache is
used for buffering write data.

2) Overall I/0 Time: Buffering the prefetched data in SSD
cache must place negative effects to the performance of write
data, as a part of cache is separated for the prefetched data.
We then record the overall I/O time to show the effectiveness
of data prefetching, and Figure 4 presents the results.

Clearly, they are very similar to the results of read latency
after running the block traces. In other words, the proposed
Pattern approach outperforms others when processing the
traces excluding hm_0.

3) Prefetching hit per prefetch: To measure the effective-
ness of different prefetching schemes, we record results of
prefetching hits per prefetch, which is the division of the total
prefetching hits by the prefetch count. The total prefetching
hit indicates the number of read on the prefetched data in the
unit of page, and the prefetch count means the number of
prefetched pages.

Figure 5 shows the results of prefetching hits per prefetch
by using three prefetching approaches. As demonstrated, the
proposed Pattern scheme yields the best outcomes, compared
with other two related work. On the other side, ROP performs
the worst, this is because it prefetches the largest number of
pages in our tests, and the average hit on the prefetched data
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becomes unattractive.

4) Cache Use Efficiency: We define the cache use efficiency
as the sum of the total read cache hits multiplied by the benefit
of read hit (i.e. the read time - the read hit time), and the total
write cache hits multiplied by the benefit of write hit (i.e.
the write time - the write hit time). As seen in Figure 6, the
proposed scheme can improve cache use efficiency by up to
21.1%, compared with other two prefetching schemes.

5) Analysis on Adaptive Cache Partition: Lynx and ROP
employ a fixed 8% cache for buffering the prefetched data.
On the other side, adaptive cache partition aims to allotting
an appropriate part of cache for holding the prefetched data,
by referring the characteristics of I/O workloads and the
prefetching productivity. According to our design, we will
turn off the prefetching functionality if it may not bring about
positive effects, that indicates the ratio is 0.

Table III presents the statistics on the ratio of prefetch cache
to all cache. As shown, it takes advantage of different ratios
for different traces, and even varied ratios in different time
windows for the same trace.

C. Summary

With respect to comparing pattern-based prefetching and
Markov chains-based prefetching, we emphasize the follow-
ing two key observations. First, the proposed pattern-based
prefetching scheme can cause a higher degree of accuracy
in forecasting a batch of future read requests, by avoiding
unnecessary prefetching operations. Second, the scheme of
adaptive cache management can dynamically adjust the cache
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TABLE III
THE STATISTICS ON THE RATIO OF PREFETCH CACHE TO ALL CACHE

Max ratio Min ratio (Non-zero) Avg. ratio STDEV
hm_0 3.9% 0.0% (2.1%) 0.5% 0.011
usr_0 9.0% 7.0% (7.0%) 7.9% 0.005
src2_2 11.0% 0.0% (9.0%) 6.0% 0.051
mds_0 10.7% 6.1% (6.1%) 8.6% 0.025

partition for the prefetched data and the write data, to boost
the efficiency of cache use. In brief, we conclude that the
proposed prefetching scheme is able to significantly reduce
the time required by conducting data prefetching.

V. CONCLUSIONS

This paper has proposed, implemented, and evaluated an
OS-independent data prefetching mechanism for SSDs. It
first mines frequent read patterns from the history of read
accesses. After that, a matrix data structure is introduced to
match the in-queue read requests and the mined patterns, for
guiding data prefetching. Furthermore, in order to maximize
the use efficiency of SSD cache, we have proposed an adaptive
cache partition scheme, to separately buffer the write data and
the prefetched data, on the basis of the write/read scale of
workload and prefetching productivity.

Through a series of emulation experiments based on several
realistic disk traces, we show that the proposed pattern-based
prefetching scheme can reduce I/O response time by up to
9.1% on average. Besides, the experimental results illustrate
the adaptive cache partition policy has the nature of flexibility,
and can noticeably enhance the cache use efficiency by up to
21.1%, in contrast to other comparison counterparts.
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