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Abstract

As the speed gap between CPU and I/O is getting wider
and wider, 1/0 latency plays a more important role to the
overall system performance than it used to be. Prefetch-
ing consecutive data blocks within individual files has been
explored to hide, at least partially, the 1/O latency. Un-
fortunately, this does not reduce the inter-file latency oc-
curring when a program reads new files during its execu-
tion. We implemented a file prediction technique called
Program-Based Successor (PBS), which effectively predicts
and prefetches upcoming file requests for programs in exe-
cution. Inspired by the PBS model, we developed a dynamic
prediction model called Dynamic Program-Based Succes-
sor (DPBS). DPBS dynamically adjusts the number of files
prefetched according to the real-time system environment.
Consequently, compared with PBS, it can further leverage
the effectiveness of prefetching. We used multiple modified
Andrew benchmarks to evaluate our DPBS system imple-
mented in Linux kernel. The results show that the DPBS
system can effectively reduce the elapsed time by up to 18%.
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1. Introduction

Running programs stall if the data they need is not in
memory. As the CPU speed dramatically increases in re-
cent years, disk latency becomes more expensive in terms
of the CPU cycles spent on waiting for the data to be read
from disk. Consequently, disk I/O shows its tendency to
bottleneck the overall system performance. Unfortunately,
due to the mechanical nature of disk operations, it is un-
likely to narrow the speed gap between CPU and hard drives
in the foreseeable future. One way to mitigate the speed
gap impact is to predict and prefetch files that running pro-
grams may need into main memory before they are actu-

ally accessed by programs in execution. Prefetching not
only hides disk latency by overlapping between disk I/O
and CPU operations, it also could benefit disk schedul-
ing. When a disk has multiple requests to handle, its con-
troller can find a better global approach to service all re-
quests. Previously we developed a file prediction model
called Program-Based Successor (PBS) [15]. Our simula-
tion results showed that PBS can predict the next upcoming
file request more precisely than some other state-of-the-art
prediction techniques.

One might think that the success of file prediction solely
depends on the accuracy of the file prediction algorithm —
how accurately an algorithm can predict files needed. How-
ever, bringing files from disk to memory takes time, a cor-
rectly predicted file will be of no use if the system cannot
preload it into memory before the time running programs
need it. Therefore, making prediction only for the next
up coming file access may not deliver the expected results.
One the other hand, preloading too many files into mem-
ory could have useful data swapped out of memory. Disk
I/O channel can also be clogged if an excessive number of
predicted requests constantly generated. To leverage the
strength of prediction, we modified PBS to create a vari-
ation called Dynamic Program-Based Successor (DPBS)
model, which dynamically adjusts the length of prediction
sequence according to the real-time system situation. Un-
like PBS, DPBS makes prediction for the next several file
accesses according to the run-time free memory space left
in the system. Since the system situation keeps changing,
fixing the length of prediction sequence is apparently not
appropriate. Previous prediction study also suggested that
the outcome of file prediction varied greatly on the length of
prediction sequence [7]. Generally speaking, systems with
more free memory left can afford more predicted files.

We implemented both PBS and DPBS into Linux kernel.
To evaluate our implementation, we used multiple instances
of modified Andrew benchmark to conduct experiments. As
expected, our experimental results showed that PBS can ef-
fectively reduce the elapsed time, and DPBS outperformed



PBS in all cases. In particular, DPBS reduced the elapsed
time by up to 18%.

The rest of the paper is organized as follows. Section 2
discusses the related works. Section 3 overviews the PBS
model. Section 4 details the implementation of the PBS
and DPBS. Section 5 describes our experiments. Section
6 presents and evaluates our experimental results. Section
7 presents the conclusion. The future work is mentioned
Section 8.

2. Related Work

Various schemes had been developed to make file-access
prediction. Most of them used prior file access patterns to
make prediction, while few obtained help from the compiler
to do the work.

Kroeger and Long predicted the next upcoming access
event based on the Partitioned Context Modeling (PCM)
[8]. They later improved Partitioned Context Modeling
(PCM) to Extended Partitioned Context Modeling (EPCM),
which predicts sequences of files with observed probabil-
ity higher than a given value [7]. Lei and Duchamp used
pattern trees to record past execution activities of individual
programs [9]. They maintain different pattern trees for ev-
ery access pattern observed. A program could require mul-
tiple pattern trees to store similar patterns of file accesses
observed from its previous execution, which imposes stor-
ing duplicated information in the system. Patterson et al.
developed Transparent Informed Prefetching system to do
prediction by using hints provided from modified compilers
[13]. Accordingly, resources can be managed and allocated
more efficiently. Extra coding in programs and language de-
pendence are disadvantages of this type of approach. Grif-
fioen and Appleton used probability graphs to predict future
file accesses [3]. Their graph model tracks subsequent file
accesses observed within a certain window for each file ac-
cess. For a given file access, the observed followers with
probability higher than a threshold value are the targets to
prefetch. Their simulations show that the length of the win-
dow and probability threshold will greatly affect the out-
come. Mowry et al. used modified compiler to provide fu-
ture access patterns for out-of-core applications [11]. Kotz
and Ellis defined representative parallel file access patterns
in parallel disk systems [6]. Cao et al. defined four prop-
erties that an optimal predicting and caching model should
satisfy [1]. Palmer and Zdonik used unit pattern to prefetch
data in database applications [12]. Kimbrel ef al. exam-
ined four related algorithms to find out when a prefetching
algorithm should act aggressively or conservatively [5].

Researchers have found that files in the same directory
often are accessed together [2, 10, 14]. Not surprisingly,
some filesystems manage to put those files to disk areas
where they can be collectively accessed more quickly [10].

3. Program-Based Successor (PBS) Model

Lacking a priori knowledge of file access patterns, many
file prediction algorithms use statistical analysis of past file
access patterns to generate predictions about future access
patterns. One problem with this approach is that executing
the same set of programs can produce different file access
patterns even if the individual programs always access the
same files in the same order. For example, consider a sys-
tem with a preemptive scheduler running two programs, P;
and P,, where P; accesses files A, B, and C, in that or-
der, and P, accesses files X, Y, and Z, in that order, and
each file is accessed exactly once. While each program has
a perfectly predictable access pattern and each file (after the
first one in each sequence) follows exactly one other file in
the program-based sequence, the system will see one of 20
different file access patterns (3!67!3! = 20) depending on the
exact timing of context switches in the system. In particular,
with repeated executions of these two programs the history
of file accesses observed by the system will vary consider-
ably.

Because it is the individual programs that access files,
probabilities obtained from the past file accesses of the sys-
tem as a whole are ultimately unlikely to yield the high-
est possible predictive accuracy. In particular, probabilities
obtained from a system-wide history of file accesses will
not necessarily reflect the access order for any individual
program or the future access patterns of the set of running
programs. In the above example, executing P; and P» con-
currently may result in many different file access patterns.
However what remains unchanged is the order of files ac-
cessed by the individual programs, P, or P». In particu-
lar, file reference patterns can describe what has happened
more precisely if they are observed for each individual pro-
gram, and better knowledge about past access patterns leads
to better predictions of future access patterns.

The Program-Based Successor (PBS) model keeps track
of previous executions of programs and the sequence of files
they have accessed [15, 16]. Each file in the PBS model has
a record of every program that has accessed it, and the files
previously accessed by that program after this one. For a
given program, PBS can predict the sequence of files it may
access from the records kept with files. Figure 1 shows a
simple example of the PBS model. The left and right parts
represent the beginning and the end of a program’s execu-
tion respectively. The middle portion describes files and the
order among them accessed by programs. In this figure pro-
gram P accesses file A, then B. P» accesses A and C' in
that order. Ps accesses either the sequence of files D, F,
then H, or D, F', I/, then G.

For each file PBS stores pairs of (program name,
successor-list) in the metadata of the file. The program
name in each pair represents a program which accessed that
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Figure 1. a simple example of the program-
based successor model

file before. The successor-list is a list of files that the pro-
gram accessed immediately after previous accesses to the
corresponding file.

Programs are executed as processes, so we can store the
program name in the process control block (PCB). For each
running program (say P), we also need to keep track of the
file (say X), which it has most recently accessed. When
P accesses the next file (say Y) after X, PBS updates the
metadata of the X with (P, Y). If the access to X by P
is ever followed by access to different files, for example Z,
other than Y, PBS adds the name of file Z to the metadata
of X. So the metatdata now becomes (P, Y, Z). Table 1
shows the metadata kept for Figure 1 under the PBS model.

Table 1. metadata of Figure 1 kept under the
PBS model

(program name, successor-list)
(P1, B), (P>, C)
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4. Dynamic Program-Based Successor (DPBS)

We first implemented PBS as described in Section 3 into
Linux kernel. We then modified the PBS to make consec-
utive prediction according to the length of prediction se-

quence. Finally, we added a monitor agent dynamically ad-
justing the length of prediction sequence to guide the mod-
ified PBS to make file-access prediction.

4.1. Managing PBS Information

The Linux kernel has a layer of Virtual File System
(VES), which appears to be a reasonable place to do the
PBS work. In VFS every directory and every file have a
corresponding d-entry structure. Collectively, these d-entry
structures form a tree which helps to find the full paths
of directories and files. It seems that we can store PBS-
related information in the d-entry. However, since the d-
entry structure does not record the full path of its corre-
sponding file that the PBS model must obtain, so the sys-
tem needs to go through multiple d-entry structures to find
out the full path of any file. We conclude that keeping PBS
information in d-entry will complicate the implementation
and probably will also slow the performance down. As a
result, separate structures were built to handle PBS infor-
mation. We created two structures, File_Successor_Record
(FSR) and File_Successor_Record_Table (FSRT). The FSR
is used to record all the PBS information, while FSRT is
used to maintain FSR.

4.2. File Successor Record (FSR) and File
Successor Record Table (FSRT)

As seen in Section 3, the information in Table 1 is re-
quired to build PBS system. The File_Successor_Record
(FSR) is the structure storing PBS information regarding
the programs, files, and successors, similar to those in Ta-
ble 1 for individual files. To handle files or programs with
the same name, the information recorded in FSR should in-
clude their full paths as well. Our previous study showed
that the vast majority (between 87% and 96%) of files are
accessed by three or fewer different programs [16]. Besides,
most program-based successors don’t vary often. Half of
the time the program-based successors never get changed.
About 10% to 15% of the total file accesses will see only
two different program-based successors for a particular pro-
gram, while 10% will observe three. So for each file, we
keep the information for the most recent three programs,
which had an access to the file before, and we record up to
the last three different program-based successors for each
of the three programs.

Each file (from A to H) in Table 1 has a correspond-
ing FSR. A file’s FSR is created when it is opened for the
first time. It mainly includes the full-path (absolute path)
name of the file, corresponding programs and successors, as
well as a hash code (file-name hash code) generated from its
name used to locate the FSR itself from the FSRT promptly.
A file’s program-based successors recorded in its FSR will



be updated accordingly if they ever changed.

In order to efficiently maintain and locate files’ FSRs,
we create an FSRT table to manage all FSRs in the system.
Each FSR holds an entry in the FSRT table. A file’s FSR
can be indexed by a new hash code generated from its orig-
inal file-name hash code. A link between a file’s FSR and
d-entry is established at the time the FSR created. So the
subsequent accesses to the file’s FSR can be performed di-
rectly from its d-entry without going through the indexing
again once the FSR is created. FSRs are stored in mem-
ory. Eventually the system needs to save them into disk to
avoid losing the information. FSRT can be reconstructed,
it does not need to be saved into disk. Currently our im-
plementation writes FSRs to a disk file when the system
shuts down and reads them back to memory as soon as the
system comes up again next time. This can be easily mod-
ified to save FSRs to disk periodically (similar to the way
UNIX handles its dirty blocks) or whenever the system is
not busy. FSRs and FSRT only consume limited memory
space. In our implementation, the FSRs and FSRT for ev-
ery 8000 files require merely about 2 MB of memory space.
Alternatively, we can put the FSR for each file into its inode
(index node) when the memory space required to recording
FSRs and FSRT becomes an issue.

4.3. Performing File Access Prediction

Figure 2 illustrates the process of performing file-access
prediction and prefetching. When a file, say X, is opened
by a program, say P, the system first finds the X’s corre-
sponding d-entry. A file’s d-entry mainly includes a pointer
to its inode, links to its parent and sibling d-entry, and a
hash code generated from its file name. After locating the
d-entry, we take the hash code and hash it again (as step
1). We then use the new hash code as an index to the FSRT
table to get the X’s FSR entry (as step 2). If the X’s FSR
does not exist, this means that file X is opened for the first
time. So we simply create an FSR entry for file X and no
prediction will be made. However, if the X’s FSR exists,
we will find the appropriate program-based successor if it
exists. If that successor is not in memory yet, we will add
it to the prefetch queue (as step 3), which our prefetch en-
gine will check and send service requests to disk from. The
prefetch engine is a daemon. It is scheduled to run after ev-
ery file-access prediction made. When the system schedules
the prefetch daemon to run, the daemon checks the prefetch
queue and sends service requests to disk until either the
queue is empty or it runs out of its time quota. We set a
time quota to the prefetch daemon so it will not clog the disk
I/O channel by prefetching an excessive number of files in
case the prefetch queue is extremely long. As Linux auto-
matically performs the block-level read ahead, our prefetch
daemon only requests the first block of the prefetched file.

step 1

e r

| , , FSRT step2

FSR

predicted successor

prefetch step3
engine

disk service request

Figure 2. the process of performing file-
access prediction and prefetching

4.4. Monitor Agent

There are two issues we need to consider when design-
ing the monitor agent. First, how often the agent adjusts the
length of prediction sequence. The agent was implemented
through a kernel thread, which has a very high priority. Po-
tentially it could aggressively withhold the CPU from other
running programs. We can prevent this problem by waking
up the agent periodically, or more dynamically, we wake it
up after the prefetching engine finishes sending its prefetch-
ing requests and then we make the agent sleep right after
each length adjustment. Our experimental results showed
that the dynamic way outperformed the periodic way.

The second issue is how much adjustment the monitor
agent makes to the length of prediction sequence each time.
Between predefined high and low watermarks, the agent in-
creases or decreases the length by one as the free mem-
ory space grows or shrinks every 4% of the overall mem-
ory space respectively. Compared with the overall memory
space, free memory space is viewed on a scale of 1 to 25,
so level 1 means only 4% of overall memory space is free,
while level 25 represents the memory space is 100% free
(of course memory space will not be 100% free in reality).
We tried different scales and found that the results among
different scales are very close as the scale reaches 1 to 25
or above. However, once the scale goes down to 1 to 20 or
below, the outcome started to fall. This suggests that scale
granularity should be considered when the monitor agent
makes the length adjustment.

As stated, the timing to execute the monitor agent can be
either periodical or dynamic. We used ten different periods,
from every one second to every ten seconds, in our exper-
iments. The one-second period means the monitor agent
wakes up once every second, while the ten-second period
is the case that the agent wakes up once every ten seconds.



Table 2 lists all agents with their individual wake-up sched-
ules. The agent “Xs” represents the agent waking up with
the X -second period. The agent D dynamically wakes up
and sleeps as we discussed earlier.

Table 2. agents used in the experiments

Agents Wakeup Period
Is every one second
2s every two seconds
3s every three seconds
4s every four seconds
Ss every five seconds
6s every six seconds
7s every seven seconds
8s every eight seconds
9s every nine seconds
10s every ten seconds
D same as the prefetch engine

5. Experiments

We first present the results from tests on our implemen-
tation of the PBS and DPBS models. We then explain
how various agents with different wake-up schedules per-
form under the DPBS model. Our test machine had a
Pentium-4 2.4G-Hz CPU, with 512 MB RAM, an IDE Max-
tor 7200RPM disk with DMAG66. All kernels were compiled
without symmetric multi-processor(SMP) support. The sys-
tem used GNU 1d version 2.14.90.0.8, and gcc version 3.3.4.
We implemented the DPBS into Linux kernel 2.4.22.

We used the Andrew benchmark [4] to evaluate our im-
plementation. In addition, we also want to see how our
model works when the system hosts more programs and
intensive disk I/0. So we simultaneously ran multiple in-
stances (one, two, and four, all executed in different directo-
ries) of Andrew benchmark to simulate variant busy degrees
of the system.

All test cases were repeated five times. We cleared all
caches by rebooting the system before each run of a test
case. As discussed later, the Andrew benchmark consists of
five phases. Each one of the five launches a new program, so
there is no way to make predictions and prefetch files before
our models see their execution at least once. Therefore, the
first run of a test case is used to train the model. The results
presented are the average numbers from experiments in the
remaining four times.

The training cost of the DPBS is low. We only saw about
three percent performance penalty. The effectiveness of our
model is presented in terms of improvement. We calculated
how much elapsed time our implementation saved over the
original kernel not making prediction. The difference was

Table 3. phases of the Andrew benchmark

Phase Command
1 /bin/mkdir
2 /bin/cp
3 /bin/stat
4 /bin/grep
5 /usr/bin/gcc

then divided by the original elapsed time to get the percent-
age of improvement.

One might concern the cost of re-training a file predic-
tion model, even when a program only slightly changes
the sequence of files it accessed before. For the DPBS
model, it just needs to add the new program-based succes-
sor to the corresponding FSRs. In other words, the three-
percent performance penalty occurs only if programs com-
pletely change their accessing orders of every file whenever
they execute. Our previous long-term (over a period of one
year) trace-based simulation showed that this rarely hap-
pened [15]. So the long-term cost of maintaining the DPBS
model will be much lower than the three-percent perfor-
mance penalty. If we add the cost of maintaining the DPBS
model and the benefit of performing file prefetching, we can
clearly see the advantage of using this model.

5.1. Andrew Benchmark

The Andrew benchmark consists of five phases. Each
one of the five launches a UNIX command as listed in Table
3. One may apply these five phases to different testing files.
The first phase creates directories, while the second phase
copies the files to those directories. The third step reads in-
odes of those files to get their file status. The grep in the
fourth phase searches files for patterns. The last phase com-
piles files to object files and link them into one executable
file. We used the source code of ¢l in our experiments. The
Tcl source includes 76 files written in the C language.

6. Performance Evaluation

To evaluate how our models perform under various busy
degrees of system and disk I/O, we conducted experiments
with multiple instances (one, two, and four) of modified An-
drew benchmark running concurrently. For simplicity, we
will refer to the case concurrently running X instances of
Andrew benchmark as X Andrew in the following discus-
sion. We collected the original elapsed time of running An-
drew benchmark without making prefetching, as well as the
elapsed time of our models. Table 4 lists the percentage of
elapsed time spent on each of the five phases as running one
instance of Andrew benchmark without making prefetch-
ing.



Table 4. percentage of elapsed time in the five
phases of the Andrew benchmark

Phase Percentage
1 0.15%
2 0.9%
3 0.15%
4 4.91%
5 93.98%

6.1. Performance of DPBS

Figure 3 shows the results for the case of running one
instance of Andrew benchmark under the PBS and DPBS
model. The X axis represents agents evaluated. The one la-
beled P stands for the PBS model. The agent D is the agent
dynamically wakes up and sleeps. Agent “Xs” denotes the
one wakes up once every X second. For simplicity, we refer
to these “Xs” agents as periodic agents. The dynamic agent
D did a little bit better than PBS in this experiment.

Figure 4 displays the results for the case of running two
instances of Andrew benchmark currently. Compared with
1 Andrew, this experiment simulates the situation where the
system hosts more running programs and handles more disk
I/O requests. DPBS with agent D outperformed PBS to
a larger degree in this case. The performance of periodic
agents still varied. Besides, agent D also had the best per-
formance in 2 Andrew.

Figure 5 plots the results from the 4 Andrew, where the
system environment is busier than the previous two. DPBS
with agent D exceeded PBS further, and its result appar-
ently stood out among all agents in 4 Andrew.

To compare PBS and DPBS in a more close way, we
plot all experimental results into Figure 6. It shows that,
with the dynamic agent D, DPBS always performed better
than PBS, in particular for a system hosting more programs
and I/O requests. However, we did not observe similar sit-
uations for those periodic agents. In fact, not surprisingly,
the results from those periodic agents fluctuated. Since the
real-time system situation changes quickly, agents waking
up periodically to adjust the length of prediction sequence
are not likely to generate consistent improvement. This sug-
gests that there is no simple relation between different pe-
riodic agents and their outcome. Therefore, we should dy-
namically, including degree and timing, adjust the length of
prediction sequence.

7. Conclusions

As the speed gap between CPU and the secondary stor-
age device will not be narrowing in the foreseeable future,
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file prefetching will continue to remain a promising way
to keep programs from stalling while waiting for data from
disk. We devised a dynamic file-access prediction model,
DPBS. We believed that prefetching only for the next up-
coming predicted file may not leave enough time for the file
to reach memory in time. One solution is to prefetch multi-
ple consecutive files, not just one file, whenever possible.
A file-access prediction model should smartly adjust the
length of prediction sequence to consistently deliver good
performance. Nevertheless, the dynamic prediction is com-
plicated by the fact that the amount of free memory space
available is always changing. Consequently, it is not easy
for a real prediction model to keep its performance improve-
ment all the time. We implemented PBS and DPBS mod-
els into Linux kernel and conducted extensive experiments
to show that the length of prediction sequence has an im-
pact on the system performance. By dynamically adjusting
the length of prediction sequence, our DPBS model delivers
very dependable performance.
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8. Future Work

Besides free memory space left, the number of pending
I/O requests could also be used to improve a file prediction
model. Ideally, fewer predictions should be made if there is
a long list of pending I/O requests. A file prediction model
may work with disk drivers to obtain the real-time situation
in the disk level to make prediction adjustments. We did not
take the advantage of exploring pending I/O requests in our
implementation of PBS and DPBS. We may improve our
DPBS model by considering the situation of pending 1/O
requests in the future.
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