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Abstract
We present Fair-EDF, a framework for latency guarantees

in shared storage servers. It provides fairness control while
supporting latency guarantees. Fair-EDF extends the pure
earliest deadline first (EDF) scheduler by adding a controller
to shape the workloads. Under overload it selects a minimal
number of requests to drop and to choose the dropped re-
quests in a fair manner. The evaluation results show Fair-EDF
provides steady fairness control among a set of clients with
different runtime behaviors.

1 Introduction

Modern clustered storage systems such as Ceph [1], Glus-
terFS [2], Amazon’s Cloud Storage [3], FAB [4], Kudu [5],
Dynamo [6], Cassandra [7], HDFS [8] and vSAN [9] provide
high-throughput storage for huge data sets. When deployed in
a datacenter these systems are shared among multiple clients,
each representing tens to hundreds of users. Clients require
predictable performance typically codified in SLOs such as
guaranteed throughput over a specified duration or a maxi-
mum response time for a specified fraction of its requests.

In order to make response time QoS guarantees, two-sided
SLOs are employed; the client receives the agreed-upon ser-
vice provided its input meets specified constraints on its ar-
rival rates and the sizes and frequency of its bursts. Admission
control is used to limit the clients in the system to a sustain-
able set, regulators police client traffic for compliance with
input SLOs, and schedulers order the requests in a globally
expedient manner to meet guarantees. Moreover, in clustered
storage, requests belonging to a client are directed to different
storage servers based on the placement and replication poli-
cies of the system. Clients are typically unaware of the data
distribution, making it hard to predict the dynamic runtime
demands on any server. Hence, the traffic seen by an individ-
ual server is highly dynamic and difficult to control. While
SLO policing may be used to regulate the aggregate client
traffic characteristics, it is unreasonable (and impractical) to
require these at the individual server level.

This motivates the problem addressed in this paper: how to
provide reasonable differential response time guarantees for
clients sharing a server when the traffic cannot be predicted
or controlled at ingress to the server? The problem of guar-
anteeing latencies in storage systems has been extensively
studied over the years. Many solutions like [10–20] present
techniques to meet explicitly-specified QoS latency bounds,
using a combination of workload shaping and scheduling algo-
rithms. Others [21–27] present different system techniques to
reduce average or tail latencies. More discussion is presented
in Section 2.1.

A recent paper, MittOS [28], describes a novel driver-level
model and implementation that predicts whether an arriving
request can meet its deadline, and drops (or redirects) the arriv-
ing request if it cannot. In our work, we propose an orthogonal
dimension to this solution: we describe an optimal algorithm
for deciding when to discard a request and which request to
drop based on the QoS requirements. We introduce Fair-EDF,
a framework providing fairness between the clients in a shared
storage server when guaranteeing their latencies. Fair-EDF ex-
tends the earliest deadline first (EDF) [29] scheduling policy
by adding a controller that selects and drops requests in the
scheduling queue when it detects that latency violations will
occur. Fair-EDF assumes an OS such as MittOS is already in
place, which provides system support for dropped requests.

Figure 1 shows an overview of the system. The controller is
optimal in the sense that the total number of requests it drops
is the minimum possible, and provides fairness control among
the clients such that the proportion of requests being dropped
for each client are equalized. Different fairness criteria can be
substituted in the controller without changing the framework.
A standard EDF scheduler is used to dispatch requests in
deadline order. In Fair-EDF, all requests dispatched by the
scheduler will meet their deadlines. Fair-EDF extends the idea
of the offline RT-OPT [30] framework to work in an online
situation and add fairness. In practice, Fair-EDF would be
especially useful in streaming applications, such as streaming
video from object storage.

The remainder of the paper is organized as follows. Sec-
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Figure 1: An overview of the Fair-EDF framework.

tion 2 gives additional background on latency QoS and dis-
cusses related works. In Section 3 we propose a framework
for guaranteeing latencies in a distributed cluster. Section 4
shows the preliminary evaluation results of our proposed al-
gorithm. Finally, Section 5 discusses the related issues and
challenges of our design.

2 Overview

The storage server is shared by a number of clients that send
I/O requests to the server. All client requests are assumed to be
chunked into fixed-size I/O requests that have a fixed service
time σ. A request that arrives at time tr is assigned a deadline
dr equal to the sum of its arrival time and latency bound. A
request is successful if it completes before its deadline, and
is wasted if it is dropped (not scheduled) or completes after
its deadline. Each request can have its own latency bound
based on some classification. We assume that tr +σ≤ dr is
always true, i.e. a request will meet its deadline if there are no
queueing delays and it is scheduled immediately upon arrival.

Example 1: We motivate the latency fairness framework with
the following example. Suppose a server of 100 IOPS capacity
is shared by two clients A and B, which send uniform-sized
I/O requests with a service time of 10ms each. At time 0, A
sends a burst of 100 requests with deadlines all at 1s. Client B
sends I/O requests at a uniform rate every 10ms apart and all
request have a latency bound of 40ms, i.e. B sends requests at
times 0,10,20, ..., with deadlines of 40,50,60, ... respectively.

There are a total of 200 combined I/O requests in one sec-
ond of operation, which is double the server IOPS capacity.
An EDF [29] scheduler, which is commonly used for support-
ing latency requirements, will do almost all of B’s requests
first, followed by those of A. Most requests of B will meet
their deadlines and almost no requests of A will do so, result-
ing in poor fairness. Furthermore, all new requests arriving in
the next second will also miss their deadlines.

2.1 Related Work

For latency guarantees, most of the existing QoS frameworks,
such as [11, 13, 14, 20, 24, 26], compute scheduling metadata
(usually referred as tags) for each request. The tags are used
for the request scheduler to determine the order of scheduling.
Usually, a sophisticated scheduling algorithm is required in
these frameworks, which can affect their scalability. Another
set of approaches, such as [10, 16, 17], use dynamic token
buckets which guarantee the latency by controlling the rate
at which requests are dispatched to the schedulers. Some
frameworks [13,15,20] also supports the bandwidth allocation
or proportional sharing at the same time. Existing works use
a combination of input SLOs, admission control, and traffic
policing, either explicitly or implicitly, to guarantee response
times if the load exceeds server capacity. The controller either
drops the overflow requests or degrades their priorities. An
offline algorithm, RT-OPT [30], was developed to guarantee
timely playback of VBR video with the minimum number of
dropped frames. Fair-EDF extends the idea of RT-OPT to an
online algorithm, and also provides fairness guarantees.

Existing solutions do a good job of meeting latency guar-
antees when the client traffic can be predicted or regulated
to meet server capacity limits. Some solutions [11] delay re-
quests from clients that violate their SLO in order to keep the
aggregate request rate below system capacity; this isolates
well-behaved workloads from misbehaving ones, but can lead
to a large increase of the average response time for even small
violations. Other solutions use a token-bucket regulator and
drop requests that violate their SLO [10], while others [16]
reschedule overflowing requests in secondary queues with re-
laxed deadlines, or dispatch them to replica servers [6,22,27].
In contrast to these frameworks that require per-client arrival-
rate parameters to avoid server overload, we dynamically
detect overload and shape the workloads accordingly.

3 Fair-EDF Framework

Each incoming request is tagged with its deadline indicating
the time by which it must complete service. When it arrives
at the server, the request may be immediately rejected or ten-
tatively accepted for scheduling. A rejected request may be
discarded, re-directed to an alternate server, or moved to a
secondary queue for best-effort scheduling. An accepted re-
quest will be enqueued and wait for its turn to be dispatched;
during its wait, the request may still be rejected as new re-
quests arrive. The client success ratio, fi, is the fraction of
client i’s requests that succeed, and (1− fi) is called the client
miss ratio. The system success ratio F is the fraction of the
total number of requests that succeed. The goal of our frame-
work is to shape the fi subject to maximizing F . In this paper
we choose a min-max criterion: that is, among all schedules
that maximize F we choose one that simultaneously mini-
mizes the highest client miss ratio. Other QoS criteria can be
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Figure 2: An example of the occupancy chart in Fair-EDF.

implemented within our framework as discussed in Section 5.

We now discuss the idea behind the algorithm followed by
the details of the implementation. Let di denoted the deadline
of request i and σ its service time. The current set of accepted
requests are conceptually placed on a timeline called an oc-
cupancy chart. Request i occupies the interval [ti, ti +σ] on
the timeline where ti is the latest time it can begin execution
while ensuring that it and all requests with deadlines later than
di are successful. The occupancy chart is naturally partitioned
into alternating busy and idle segments as discussed below. As
long as no interval crosses the current time Tnow, all requests
will meet their deadline when scheduled in EDF order.

Example 2: Consider two clients A and B. Each request has a
service time of 10ms. Client A has 4 requests a1,a2,a3,a4
with deadlines 30, 100, 100, and 140ms respectively, and
Client B has 3 requests b1,b2,b3 with deadlines 50, 145 and
150ms. Suppose the current time is 10ms. Figure 2a shows the
occupancy chart. Request b3 occupies the interval [140,150];
b2 cannot be scheduled at 135 as it would conflict with b3,
and occupies the interval [130,140]. Similarly a4 must oc-
cupy the interval [120,130], resulting in the busy segment
[120,150] comprising requests {a4,b2,b3}. In the same way
{a2,a3} comprises busy segment [80,100], {a1} forms seg-
ment [20,30], and {b1} forms segment [40,50].

Example 3: Continuing Example 2, suppose there is a new
request a5 with deadline 70ms. The request can be assigned
the interval [60,70], since it will not conflict with existing
requests (see Figure 2b). Next a new request b4 with deadline
45ms arrives. It will be assigned the interval [30,40] to avoid
conflicting with b1. The two adjacent segments [20,30] and
[40,50] will now merge into a single segment [20,50], as
shown in Figure 2c.

3.1 Algorithm

Let S1,S2, · · ·Sn denote the current set of busy segments and
let Si span the time range [Li,Ri] (Li and Ri are the left and
right time boundaries). When a new request r arrives, we
must identify the segment its interval will occupy, followed
by updating its boundaries. This may cause some segments
to now overlap, leading to a cascade of boundary changes
and segment merges. If the start time of the earliest (leftmost)
segment becomes less than the current time, then the current
set of requests cannot all meet their deadlines, and one or
more will need to be dropped so that the remaining requests
can be successful.

Let dr denote the deadline of new request r.
Case 1: dr lies between two consecutive segments Sk and
Sk+1 i.e. Rk < dr < Lk+1. Request r is assigned the interval
[dr−σ,dr]. If dr−σ > Rk then create a new segment [dr−
σ,dr] that lies between Sk and Sk+1. Otherwise, merge the
interval [dr −σ,dr] with the segment Sk: Lk is reduced by
σ− (dr−Rk) (the amount of overlap) and Rk is changed to dr.
Note that changing Lk may cause Sk to overlap segment Sk−1,
potentially causing a cascade of merges of adjacent segments.
Case 2: dr lies within a segment Sk i.e. Lk ≤ dr ≤ Rk. In
this case, Lk is reduced by σ. Once again, reducing Lk may
cause Segments Sk and Sk−1 to overlap, potentially triggering
a cascade of merges of adjacent segments.

In general, when a request arrives it is placed on the time-
line using case 1 or 2 above. If the first segment now begins at
a time less than the current time (this means the left boundary
of the first segment S1 is changed) then a request needs to
be dropped. Any request in the first segment, including the
new request that caused the potential deadline violation, are
candidates for dropping. For our min-max fairness criterion
we must choose a request from the candidate set that belongs
to a client with the smallest miss ratio. Finally, the request
scheduler simply dispatches requests in EDF order, which
will guarantee that the current set of requests will meet their
deadlines.

Example 4: In Figure 2c, suppose two new requests c1 and
c2 from client C, with deadlines 25 and 40, arrive at time 10.
From case 2 above, c1 will be assigned the interval [10,20].
Since the current time is 10 this is a feasible schedule in which
all requests will meet their deadlines if they are executed in
deadline order (their order in the occupancy chart). Next c2
will be assigned the interval [30,40], moving the requests b4,
a1 and c1 one slot to the left to [20,30], [10,20] and [0,10]
respectively (see Figure 2d). After placing c2, segment 1 starts
at time 0, which is smaller than the current time 10, which
means that at least one of the four requests c1, a1, b4 or c2
must miss its deadline. We can choose to reject any one of
these requests, and move the other requests on its left to the
right to the vacant slot. The choice of which of the requests
to drop is governed by the QoS policy.



4 Preliminary Evaluation

4.1 Experimental Setup

In the evaluation, we compare Fair-EDF with a standard EDF
scheduler, as well as a variant of EDF we call Prudent-EDF.
The problem with standard EDF is that a capacity overload
will cause the deadlines of future requests, those following the
overloaded period, to be missed as well. By contrast, Prudent-
EDF drops requests that it recognizes will miss their dead-
line, thereby preventing them from affecting future request
deadlines. Prudent EDF drops a request at the latest possible
time and consequently, like the immediate-drop policy, can-
not shape the QoS profile by selecting an appropriate victim
request to discard. However, like Fair-EDF, it will also drop
the minimal number of requests.

We implemented a prototype of the Fair-EDF framework
in OpenMP. We use different threads to handle the request
controller and request scheduler and keep them pinned on
different cores. The arrival pattern and deadlines of the clients
are explicitly specified using external input files. The con-
troller generates requests at desired times. For each request, if
using Fair-EDF, it uses the algorithm described in Section 3
to place it in the EDF request queue, and if a deadline vi-
olation is predicted drops an allowed request based on the
QoS policy. With Prudent-EDF, the controller will drop the re-
quest whose deadline has already been missed. The scheduler
simply dispatches the next request with the earliest deadline.

The workload in our evaluation consists of random 4KB
direct reads from a 1GB file. We run our experiments on a
standard Linux server. The server node is equipped with an
Intel R© SSD DC S3700 hard disk [31] and an Intel R© Xeon R©
E5-2697 CPU [32]. We profiled the service time using the
standard EDF scheduler and a closed loop client which keeps
the server always busy. The average profiled service time for
each request is 137µs, i.e. the server has an average throughput
of around 7300 IOPS.

4.2 Evaluation Results

Experiment 1: In this evaluation, we have 2 clients. Client
1 sends one request every 0.15ms, with a latency bound of
0.5ms. Client 2 sends a burst of 15 requests every 10ms, with a
latency bound of 25ms for each request. Client 1 has a request
rate of 6667 IOPS, and Client 2 a rate of 1500 IOPS. The
load on the server is 8167 IOPS which exceeds its capacity
of 7300 IOPS.

We run the system for a second and show the first 200ms
of execution in Figure 3a. It shows the success ratio of both
clients using the three policies. Figure 3b and 3c show the
average response time for both clients. We can see that EDF
gradually misses deadlines of both clients, and the response
times start to increase. Due to the chain effect of missed
deadlines for standard EDF scheduling under overload, it
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Figure 3: Evaluation result for Experiment 1.

results in a poor success ratio for both clients. For Prudent-
EDF, technically no deadlines will be missed (since they are
proactively dropped). However, for this workload it keeps
doing requests of client 1 and drops most of the requests
of bursty client 2, resulting in poor fairness between clients.
Finally, Fair-EDF also guarantees that no deadlines will be
missed and will drop the same (minimal) number of requests



as Prudent-EDF. However, it tries to fairly distribute the pain
of dropped requests and obtains success ratios of around 0.9
for both clients.
Experiment 2: In this experiment, we have 10 clients sharing
the server. The arrival patterns and deadline specifications are
shown in Table 1. Clients 1 to 8 send requests at different
fixed rates, and clients 9, 10 are very bursty. The total load is
8000 IOPS exceeding the server capacity of 7300 IOPS.

Client
Inter-Arrival
Time (ms)

Burst
Size

Demand
(IOPS)

Deadline
Time (ms)

1 0.4 1 2500 0.5
2 1 1 1000 1
3 1 1 1000 1
4 2 1 500 2
5 2 1 500 5
6 2 1 500 5
7 2 1 500 10
8 4 2 500 10
9 40 20 500 40
10 50 25 500 50

Table 1: The arrival pattern and deadline specifications of the
clients in Experiment 2.

We run the three schedulers for a second, and the success
ratio for all clients as well as the system is shown in Figure 4.
From the figure, we can see that EDF has poor success ratio
for all clients since it gradually misses all deadlines if the
capacity is not enough. Both Prudent-EDF and Fair-EDF
have a good system success ratio. However, in Prudent-EDF,
most requests of bursty clients 9 and 10 are dropped, making
their success ratios below the other clients and the system’s
ratio. In contrast, by using Fair-EDF, the success ratios of
clients 9 and 10 go up to roughly equal to the system success
ratio, while the success ratios of other clients do not decrease
significantly, resulting in better fairness. Moreover, Fair-EDF
achieves a similar system throughput as Prudent-EDF. This
indicates Fair-EDF does not introduce much runtime overhead
comparing with Prudent-EDF.
Experiment 3: Finally, we show the performance of Fair-
EDF with a different QoS policy. The specifications of the
storage system and the clients remain the same as Experiment
2. However, instead of using the min-max criterion, we group
the clients into different groups with different priorities. In
this experiment, we have two groups gold and silver. The gold
group has a desired success ratio of 0.9 and the silver group
has a desired success ratio of 0.8. The QoS policy for all
clients becomes equalizing the relative success ratio divided
by the desired success ratio of the group.

We show the result of two grouping policies. Policy 1
groups clients 1 to 8 as gold and the rest as silver, and policy
2 does the opposite, i.e. grouping clients 1 to 8 as silver and
the rest as gold. Figure 5 shows the evaluation results of both
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policies, where the desired success ratios of the gold and sil-
ver groups are marked as dotted and solid lines respectively,
respectively. From the figure, we can see Fair-EDF provides
reasonable QoS for clients with different grouping policies.
The framework can be easily modified to support different
QoS policies by only changing the controller, and the details
are being studied in our ongoing work.
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Figure 5: Evaluation result for Experiment 3.

5 Discussion

In this section, we discuss some issues and challenges for
Fair-EDF.

QoS policy: Currently, we are mainly using a min-max QoS
policy for fairness so all clients have the same miss ratio. In
our ongoing work, we are studying supporting other policies
that can differentiate between clients. For instance, each client
can specify its own SLO as a bound on drop percentage, or
the drop rate can be simply weighted to reflect client priorities.
We also plan to guarantee the fairness in coarse-grained QoS
periods where we reset the counters at the beginning of each
period as in our previous work [33].



Request cost estimation: An orthogonal issue to our frame-
work is estimating the cost of the requests. MittOS [28] stud-
ies predicting the requests costs for better handling requests
latencies. In our future work, we will incorporate this frame-
work or other related request cost estimations with Fair-EDF.
Variable request service times: Even with known service
times, in practice, the service times may vary among different
requests. The current algorithm will need to be generalized
to handle this situation. For instance, in the substitution, one
big request may cause several small requests to be dropped,
and one substitution may involve multiple clients. Thus, there
are more choices in the substitution, which potentially in-
troduces extra runtime overhead. Furthermore, with variable
cost requests, we may need a different policy for fairness. For
instance, we may want to give different weights to requests
of different costs, otherwise requests of higher costs are more
likely to be dropped. In the ongoing work, we are extending
Fair-EDF to efficiently support requests with a known upper
bound of the service times. We are also introducing a work
stealing mechanism for the dropped request as best-effort
scheduling. The difference between the actual service time
and the upper bound provides opportunities to do the dropped
requests.
Scalability: We need to worry about scheduler execution time
as the number of clients and requests increase and the stor-
age system processes requests faster. We need better data
structures as well as implementations that use more efficient
synchronization and timer management. In ongoing work,
we will examine implementations using better data structures
such as priority queues or balanced binary search trees (e.g.
AVL tree and RB tree) which handle insertion, modification
and deletion in worst case logarithm time. In addition, ef-
ficient data structures for QoS selection on subsets of the
requests need to be designed.
Distributed fairness: The original motivation for the work
was the difficulty of shaping the workload at individual servers
of a clustered storage system. In ongoing work, we want
to combine the individual server schedulers with a global
QoS policy where the performance of a client in aggregate
across all servers is optimized. Our previous work [33] studies
handling skewed demand distributions and runtime demand
changes in QoS. We are planning to extend the idea to Fair-
EDF in distributed scenarios.
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