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Abstract ð Performance of disk I/O schedulers is affected by many factors, such as workloads, file systems, and disk systems. 

Disk scheduling performance can be improved by tuning scheduler parameters, such as the length of read timers. Scheduler 

performance tuning is mostly done manually.  

To automate this process, we propose four self-learning disk scheduling schemes: Change-sensing Round-Robin, Feedback 

Learning, Per-request Learning, and Two-layer Learning.  Experiments show that the novel Two-layer Learning Scheme 

performs best. It integrates the workload-level and request-level learning algorithms. It employs feedback learning techniques to 

analyze workloads, change scheduling policy, and tune scheduling parameters automatically.  

We discuss schemes to choose features for workload learning, divide and recognize workloads, generate training data, and 

integrate machine learning algorithms into the Two-layer Learning Scheme. We conducted experiments to compare the 

accuracy, performance, and overhead of five machine learning algorithms: Decision Tree, Logistic Regression, Naïve Bayes, 

Neural Network, and Support Vector Machine Algorithms. Experiments with real-world and synthetic workloads show that self-

learning disk scheduling can adapt to a wide variety of workloads, file systems, disk systems, and user preferences.  It 

outperforms existing disk schedulers by as much as 15.8% while consuming less than 3%-5% of CPU time. 

Index Terms ð Machine Learning, Application-transparent Adaptation, I/O, Operating System. 
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1 INTRODUCTION

ue to the physical limitations such as time-consuming seeks 

and rotations of disks, performance improvements for modern 

disks have significantly lagged behind those of modern mi-

croprocessors [18]. I/O systems have become bottlenecks of con-

temporary computer systems. In I/O systems, disk schedulers, re-

sponsible for dispatching pending requests from file systems to 

physical disks, must be carefully designed and implemented for 

performance. 

       Benchmarks show that there is no single disk scheduler that 

could provide good performance consistently under varying condi-

tions [5]. The performance of disk schedulers is affected by work-

loads (such as sequential, random, multimedia, and http-server 

workloads), file systems (such as Xfs, Ext2, and Ext3), disk sys-

tems (such as RAID, single disk, flash disk, and virtual disk), tuna-

ble parameters, user preferences (such as performance, response 

time, and fairness), and CPU systems (such as Multi -core CPUs 

and Hyper-threading CPUs). 

      Schedulers have tunable parameters, e.g., the length of 

read/write timers. For new system configurations, such as new file 

systems or hard disks, we need to re-tune the disk scheduling sys-

tem to ensure optimal performance. For volatile workloads the disk 

scheduler must be tuned constantly. Tuning systems manually to 

achieve best I/O performance is difficult. 

       It is desirable to automate the whole process, including file 

system/workload/disk recognition, scheduling policy selection, and 

parameter tuning. We intend to design and implement a scheduling 

system that can adapt to the varying conditions and achieve optimal 

performance automatically. We intend to explore if automation can 

improve efficiency and accuracy, and how much overhead it incurs. 

       We propose a new type of intelligent disk I/O schedulers: self-

learning schedulers, which can learn about the storage system, train 

themselves automatically, adapt to various types of workloads, and 

make optimal scheduling decisions. The proposed self-learning 

scheduling scheme characterizes I/O workloads by a number of 

essential attributes, classifies them at runtime, and makes the best 

I/O scheduling decision in online, offline, and combined learning 

modes. 

        We discuss four self-learning scheduling schemes, namely 

Change-sensing Round-Robin, Feedback Learning, Per-request 

Learning, and Two-layer Learning. We show that the novel Two-

layer Learning Scheme is the best. The scheme combines work-

load-level and request-level learning algorithms, and employs 

feedback mechanisms. 

       Machine learning techniques [50] are effectively used in self-

learning disk schedulers to automate the scheduling policy selec-

tion and optimization processes. We discuss how to implement the 

self-learning scheduling scheme within the Linux kernel and con-

duct experiments to compare the accuracy, performance, and over-

head of five machine learning algorithms: C4.5 Decision Tree, 

Logistic Regression, Naïve Bayes, Neural Network, and Support 

Vector Machine Algorithms. The self-learning scheduler automati-

cally creates I/O performance models, gathers system workload 

information, does both offline and online analysis, and fits into the 

operating system kernel. We describe how to tune essential parame-

ters of machine learning algorithms for disk schedulers. 

       In our experiments, we modify the kernel I/O schedulers of 

Linux 2.6.13, feed the system with real-world and synthetic work-

loads, and collect performance data. We use the K-fold cross-

validation method [54] to measure the accuracies of all machine 
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learning algorithms. We also compare three configuration modes of 

the self-learning scheduler: online, offline, and combined configu-

rations. We evaluate the performance and overhead for both real-

world applications and simulated scenarios.  

       The rest of the paper is organized as follows. Section 2 dis-

cusses related works. Section 3 describes the architecture of the 

self-learning disk I/O scheduling scheme. Section 4 introduces the 

learning components of the self-learning scheduling scheme. Sec-

tion 5 evaluates performance and overhead of the proposed self-

learning scheme with different machine learning algorithms and 

configurations. Section 6 summarizes our research.  

 

2 RELATED WORK 
Classic I/O schedulers 

 The simple First-In-First-Out (FIFO) disk scheduling algorithm 

incurs significant delays for almost all types of workloads because 

of the seek and rotation overhead. The Shortest Seek Time First 

(SSTF) and the Scan schedulers queue and sort the disk access 

requests to minimize the individual seek time [9], [10]. There are 

algorithms designed to minimize total seek time and rotation laten-

cy, e.g., Shortest Total Access Time First (SATF) [19]. However, 

for real-time and other response-time sensitive systems, algorithms 

designed to minimize seek time may cause starvations of some 

requests [8]. Real-time disk scheduling algorithms try to schedule 

disk access requests with the goal of meeting individual request 

deadlines. A number of real-time algorithms exist, including Earli-

est Deadline First (ED), Earliest Deadline Scan (D-SCAN), Feasi-

ble Deadline Scan (FD-SCAN), and SMART schedulers [8], [11]. 

For synchronous read requests issued by the same process, tradi-

tional algorithms suffer from the deceptive idleness condition and 

may cause performance degradation. Non-work-conserving [1] 

Anticipatory scheduler solves the problem by introducing a short 

waiting period after request dispatching.  

Heuristic-based I/O schedulers 

Previous research efforts employ heuristics rather than learning 

algorithms to build smart I/O schedulers. Popovici et al. [4] con-

structed a table-based disk model to predict response time. They 

considered disk parameters and used statistics such as mean and 

maximum. Seelam et al. [12] discussed an automatic scheduler 

selection mechanism that does not employ learning algorithms.  

Intelligent I/O schedulers 

In addition to traditional I/O schedulers [1], [7], [8], [9], [10], 

[11], [21], several proposals for intelligent I/O schedulers have 

emerged in recent years. Lund et al. [17] proposed a disk scheduler 

for multimedia systems. In their model the initial bandwidth allo-

cated for a multimedia file is pre-assigned in the database, and 

requests are sent to disks in batches without considering the proper-

ties of underlying disks. Dimitrijevic et al. [38] designed a schedu-

ler based on their proposed preemptible I/O system that is not 

commonly used at the time of writing. Madhyastha et al. [39], [40] 

discussed methods for adaptive I/O systems. However, their me-

thods are designed for file system policies such as pre-fetching. 

Riska et al. [42] proposed an adaptive scheduling algorithm that 

can adjust its parameters without considering file systems and 

disks. Lumb et al. [44] discussed a free-block scheduler that sche-

dules related background requests together with regular requests to 

increase disk bandwidth utilization. Karlsson et al. [41] discussed 

performance isolation and differentiation of storage systems using 

control-theoretic methods. In their approach, users control the 

throttling of requests. Mokel et al. [20] presented a scheduling 

framework that enhances multimedia performances. 

Storage system modeling 

  There are a number of studies on how to model storage sys-

tems. Anderson et al. [13] analyzed workloads to design and im-

plement a new storage system rather than the I/O scheduler. Wang 

[14] used machine learning techniques to evaluate the storage sys-

tem as a black box. Sivathanu et.al [34] discussed a smart disk 

system. Hidrobo et al. [16] proposed a model for disk drives. Riska 

et al. [45] discussed how to characterize disk drive workloads.   

Machine learning systems 

Researchers have applied machine learning techniques to en-

hance various I/O storage systems, but not the I/O schedulers. Still-

ger et al. [15] discussed a learning DBMS optimizer that uses a 

feedback loop to enhance the query optimization. Shen et al. [37] 

utilized clustering algorithms to discover bugs related to the I/O 

system. System specifications, for example, disk seek time and 

rotation time, are used in their approach to predict system perfor-

mance. Wildstrom et al. [47] used machine learning algorithms to 

reconfigure hardware according to workloads. They manually ran 

the system commands to get statistics and used WEKA software 

package [59] to analyze the data. Seltzer et al. [48] described a 

high-level in situ simulation method for adaptive operating system. 

Quality of service (QoS) 

Performance isolation and QoS (quality of service) are ex-

pected features of next-generation disk I/O schedulers [7], [21], 

[41]. For example, we may associate each workload with a priority 

number, and the workloads with higher priority numbers could 

share larger portions of disk bandwidth. Wilkes et al. [23] designed 

a QoS-guaranteed storage system.   

3 ARCHITECTURE OF SELF-LEARNING DISK 

I/O SCHEDULING SYSTEM 

3.1 Performance Issues of disk I/O schedulers 

The combined performance for disk I/O at time interval (t1, t2) can 

be represented by a three-dimensional vector Pdisk (t, r, q), where t 

denotes throughput, r denotes response time, and q denotes QoS. 

Based on the pattern of previous research in literature and our em-

pirical experiences, we have identified most factors that are critical 

to disk performance. E.g., after noting that tunable parameters of 

schedulers affect the performance greatly, we included them in the 

model. We use ñmò (miscellaneous) to represent other factors that 

may affect the performance. The symbol/notation table (Table 1) 

shows formal notations for performance-related parameters. Hence, 

the disk performance can be represented as:  

 

Pdisk (t, r, q) =  2

1

( , , , , , , )
t

S f w c d p m i
tñ     (1) 

 

Users can specify preferences on the performance. For example, 

real-time application users may prefer lower response time to 

higher throughput. Such preference on performance can be 

represented by a vector UP. Formally, we have:  

UP = (t1, r1, q1), where t1, r1 and q1 satisfy: 

1) t1, r1, q1 Í[1, 2, 3]; and 

2) t1 + r1 + q1  Í[6, 7].  

For t1, r1, and q1, larger number denotes higher priority. Users 

can assign equal priority numbers. For example, t1=3 means that 

throughput is the most important factor for our disk scheduler and 

r1=q1=2 means that response time and QoS are equally important. 

An instantiation of the vector specifies the preferences of users, 
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e.g., UP = (3, 2, 1) means that user assigns the highest priority to 

throughput and the lowest priority to QoS.  

We want an optimal disk I/O scheduler (ioptimal) that provides 

optimal performance for users across all workloads, file systems, 

disks, tunable parameters, and CPUs. Depending on user prefe-

rences, it can optimize throughput, response time, or QoS. Since w 

(workload), f (file system), d (disk), p (tunable parameters), c 

(CPU), and m (miscellaneous factors) can change, it is clear that 

ioptimal is an adaptive, oracle-like scheduler that can tune itself dy-

namically to provide optimal performance under all conditions. 

Impact of workload. The performance of disk schedulers varies 

with workloads. A workload consists of a set of requests issued by 

the file system. For example, FIFO scheduler is well-suited for 

workloads that consist of requests to read a number of contiguous 

blocks on a disk. Its performance degrades significantly with work-

loads that consist of random reads. Anticipatory scheduler is de-

signed for synchronous-read workloads. Experiments based on 

benchmarks [5] have shown that with single disk and CPU, CFQ 

(Complete Fair Queue) scheduler will outperform Anticipatory 

scheduler for file-server workloads. When other conditions are 

equal, one particular scheduler normally stands out with the highest 

performance for a fixed workload type. 

Note that workloads might be mixed, i.e., different types of 

applications may be requesting disk I/O accesses at the same time, 

and each of them can exhibit different workload characteristics. 

Such workloads need to be addressed by QoS-aware I/O schedulers 

[7].  We discuss this issue in Subsection 5.3. 

Characterizing workloads and devising methods to distinguish 

between different types of workloads is crucial in designing sche-

dulers. Disk I/O workloads have interesting arrival and access pat-

terns. Studies show that I/O workloads are self-similar with bursti-

ness [22], which is consistent with self-similarity of network traffic 

[24]. 

Modeling disk I/O access patterns is complicated due to the 

wide variety of disk access workloads. The proposed self-learning 

scheduler learns, models, and classifies the workloads. For exam-

ple, workloads can be learned and classified as server workloads, 

personal computer workloads, embedded computer workloads, and 

multi-user workloads.  

Impact of file system. File system can greatly affect the perfor-

mance of disk I/O. For example, prior to version 2.6.6, the Ext3 file 

system in the Linux kernel had a reservation code bug, which not 

only degraded the disk I/O performance but also changed the per-

formance ranking of disk schedulers [5]. Studies show that, in 

2002, on smaller systems, the best-performing file system is often 

Ext2, Ext3, or ReiserFS, while on larger systems, XFS can provide 

the best overall performance. Whether a file system has the journal-

ing feature also affects the performance. For example, Ext3, a jour-

naling extension to Ext2, is found to exhibit worse performance 

than Ext2 [25].  Caching and pre-fetching improve disk I/O per-

formance. If the requested block is already pre-fetched or cached, 

there is no need to access disk [26]. Data mining algorithms can be 

used for effective pre-fetching [33]. No single file system is the 

best under all circumstances, and a particular disk scheduler may 

favor a particular file system [32].  

Impact of disk. Disk I/O performance varies greatly with types of 

disks. Different disks have different characteristics, including read 

overhead, write overhead, seek time, sector size, revolution speed, 

and disk buffer cache size [3]. Of a special interest is the disk cache 

size. With a larger disk cache a disk can serve more requests with-

out additional seek or rotation. RAID (Redundant Array of Inde-

pendent Disks) uses multiple hard disks to share or replicate data 

among disks [6]. Depending on the level of RAID configuration, 

disk schedulers show different performance results. CFQ scheduler 

outperforms Anticipatory scheduler with RAID-0 but lags in case 

of a single disk and RAID-5 [5].  

Emerging disk technologies further complicate the matter. 

Flash disks are random access disks without seek time. The optimal 

disk scheduler for flash disks in Linux is Noop (essentially FIFO). 

A characteristic of the flash disk is the limited number of write 

cycles per block. To maximize the life span of flash disks, in addi-

tion to specialized file systems [27], ideal disk schedulers may 

shortly delay the write requests, in hope that old and new writes 

may target the same block so that only one write needs to be com-

mitted. Furthermore, virtual disks, provided by virtual machines, 

show limitations of existing disk schedulers [29].  

Disk schedulers can acquire performance parameters to make 

more informed scheduling decisions. For example, seek reduction 

schedulers can accurately predict disk access time with precise 

seek-time profile of the disk.  Such performance parameters are 

acquired by checking hard disk databases, executing interrogative 

commands, or real-time experimenting and monitoring of disk 

behaviors [28], [43].  

Impact of tunable parameter. Disk schedulers often come with 

several parameters that can be adjusted by system administrators. 

For example, Anticipatory scheduler has two important parameters: 

1) read_expire, which controls the time until a request becomes 

expired, and 2) antic_expire, which controls the maximum amount 

of time the scheduler can wait for a request [30]. Studies show that 

with proper parameter settings Anticipatory scheduler performs 

best [5].  However, it is difficult for users to adjust such parameters 

unless they understand the scheduler internals. 

Impact of CPU. CPU utilization is a performance metric for disk 

I/O schedulers. High CPU utilization not only causes system over-

head but is also detrimental to performance of disk schedulers. The 

reason is that the access requests may be delayed due to excessive 

time spent in computations. With the advances in CPU technolo-

gies (such as Hyper-threading, Multi CPUs, and Multi-core CPUs), 

we expect decrease in CPU utilization for disk schedulers. A more 

CPU-bound disk scheduler benefits more from faster CPUs. 

Impact of user preference. Due to the wide variety of computer 

users, the expectations for the disk scheduler vary. Users of HTTP 

and FTP servers expect high throughput, while users of real-time 

and interactive systems expect short response time. Disk utilization 

Table 1 
Symbol/notation table 

Symbol Notation 

t throughput 

r response time 

q QoS (quality of service) 

S I/O system 

f file system 

w workload 

c CPU 

d disk 

p tunable parameter 

m miscellaneous factors 

i disk scheduler 

UP user preference 
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is an additional metric. The design of existing disk I/O schedulers 

favors a particular type of user preferences. For example, the dead-

line scheduler is designed to meet short response time requirements. 

With emerging applications, such as multimedia servers and virtual 

machines, fairness and QoS come into play. For users who prefer 

fair allocation of bandwidths, the throughput-oriented disk schedu-

lers fail to meet their expectations. Researchers have proposed 

template-based user preference modeling [31]. 

 

3.2 Design Objectives 

The architecture of the proposed self-learning scheduler is shown 

in Figure 1, in which gray rectangles represent the new scheduling 

components. It consists of a self-learning core that executes learn-

ing algorithms, a log database that stores performance and schedul-

ing data, a decision module that selects the best scheduling policy, 

and a user interface. 

The design objectives for the proposed self-learning scheduler 

are: 

Maximum Performance. The proposed scheduler must achieve 

optimal performance under all conditions. Depending on user pre-

ferences, maximum performance can be interpreted either as the 

highest throughput or the shortest response time.  

Low Overhead and Fast Decision. The proposed scheduler must 

impose minimal overhead on the existing system. Memory con-

sumption and CPU utilization must be low. Execution time must be 

short.  

Accurate Classification and Tuning. The proposed scheduler 

must accurately identify different workloads, file systems, disk, 

CPU systems, and user preferences. It must be able to tune schedul-

ing parameters automatically.  

Fairness. The proposed scheduler must guarantee fairness and QoS 

to all processes requesting I/O accesses. 

 
3.3 Candidate Self-learning Core Algorithms 

We present four algorithms that achieve automatic scheduling poli-

cy selection, and analyze why the fourth is expected to perform 

best.  

3.3.1 Algorithm  1: Change-sensing Round-Robin Selection 

3.3.1.1 Algorithm Description 

In this simplest algorithm, all traditional schedulers coexist in the 

operating system. There are two phases in this algorithm. 

Phase 1. Selection Phase. The self-learning core in the operating 

system invokes all schedulers in a round-robin fashion: each disk 

scheduler, in alphabetical order, is effective for a short time quan-

tum. There is only one active disk scheduler at a particular time. 

The self-learning core logs all performance data, such as response 

time and throughput, into the log database, compares the perfor-

mance, and selects the best scheduler.  

Phase 2. Execution Phase. In Phase 2 the selected scheduler is 

activated. Because workloads and system configurations may 

change, the system should switch to Phase 1 and re-select the sche-

duler on a regular basis. However, frequent switching imposes 

heavy costs, including queue processing for old and new schedul-

ing policies, memory accesses, and execution of kernel codes. We 

minimize the costs by switching from Phase 2 to Phase 1 only un-

der one of the following two conditions:  

        1) When a significant change of the workload is detected. 

Significant change of the workload is defined as a small correlation 

of request distributions between the current and previous work-

loads. In reality the workload consists of a large number of requests 

and can be noisy. A balance must be struck between efficiency and 

performance. Any significant change of workloads should not be 

overlooked, while the system cannot be oversensitive to small 

changes in workloads.  For example, four to five random reads 

within a large number of sequential reads should not be flagged as 

a ñworkload change.ò Fundamentally, we need a precise classifica-

tion algorithm for different types of workloads. We discuss details 

of the classification algorithm in Section 3.  

        2) When a significantly deteriorated system performance is 

observed. This includes: the throughput dropping below a certain 

threshold, e.g., 50Mb/s, or the aggregated response time becoming 

longer than a certain threshold, such as 800 milliseconds.  

       We check the above two conditions every Tselect seconds (de-

fault value: 60 seconds). The selected disk scheduler is statistically 

guaranteed to be the best in terms of overall throughput or response 

time because of the self-similarity of disk access [22]. However, 

the results depend on the accuracy of the workload classification 

and change detection. One may overlook changes of workloads, 

fail to start a new comparative analysis of all disk schedulers, and 

end up with a suboptimal choice. 

3.3.1.2 Algorithm Pseudocode and Complexity 

     We denote the number of disk schedulers as N. We assume that 

each read/write operation of the log database takes O(1). Note that 

during the logging we perform only two write operations, and dur-

ing the comparison and selection we can select the best scheduler 

without sorting. Therefore the complexity of the selection part of 

Algorithm 1 is O(N) * O(1) + O(N) = O(N).  

3.3.1.3 Algorithm Discussion 

Scheduler Parameter Tuning. Phase 1 can be modified to run I/O 

schedulers many times, each time with different parameter initiali-

zations, to determine the optimal parameter settings. To limit the 

search space for parameter optimization, we can use heuristics. E.g., 

we can double the initialization value of a particular parameter 

each time, and watch its performance. If the performance constant-

ly decreases, we stop increasing the value and decrease it by half.  

Time Quantum Length in Phase 1. In determining the quantum 

length, we make sure that enough requests will be processed by the 

system, yet no scheduler will occupy the system for too long so that 

the turnaround time becomes unacceptable. The default value is 

 

Fig.1   Architecture overview of self-learning scheduling.  


