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Di!erent Resources and Ratios
sharing incentive, strategy-proofness, Pareto efficiency,
and envy-freeness. DRF provides incentives for users to
share resources by guaranteeing that no user is better off
in a system in which resources are statically and equally
partitioned among users. Furthermore, DRF is strategy-
proof, as a user cannot get a better allocation by lying
about her resource demands. DRF is Pareto-efficient as
it allocates all available resources subject to satisfying
the other properties, and without preempting existing al-
locations. Finally, DRF is envy-free, as no user prefers
the allocation of another user. Other solutions violate at
least one of the above properties. For example, the pre-
ferred [3, 22, 33] fair division mechanism in microeco-
nomic theory, Competitive Equilibrium from Equal In-
comes [30], is not strategy-proof.

We have implemented and evaluated DRF in
Mesos [16], a resource manager over which multiple
cluster computing frameworks, such as Hadoop and MPI,
can run. We compare DRF with the slot-based fair shar-
ing scheme used in Hadoop and Dryad and show that
slot-based fair sharing can lead to poorer performance,
unfairly punishing certain workloads, while providing
weaker isolation guarantees.

While this paper focuses on resource allocation in dat-
acenters, we believe that DRF is generally applicable to
other multi-resource environments where users have het-
erogeneous demands, such as in multi-core machines.

The rest of this paper is organized as follows. Sec-
tion 2 motivates the problem of multi-resource fairness.
Section 3 lists fairness properties that we will consider in
this paper. Section 4 introduces DRF. Section 5 presents
alternative notions of fairness, while Section 6 analyzes
the properties of DRF and other policies. Section 7 pro-
vides experimental results based on traces from a Face-
book Hadoop cluster. We survey related work in Sec-
tion 8 and conclude in Section 9.

2 Motivation
While previous work on weighted max-min fairness has
focused on single resources, the advent of cloud com-
puting and multi-core processors has increased the need
for allocation policies for environments with multiple
resources and heterogeneous user demands. By multi-

ple resources we mean resources of different types, in-
stead of multiple instances of the same interchangeable
resource.

To motivate the need for multi-resource allocation, we
plot the resource usage profiles of tasks in a 2000-node
Hadoop cluster at Facebook over one month (October
2010) in Figure 1. The placement of a circle in Figure 1
indicates the memory and CPU resources consumed by
tasks. The size of a circle is logarithmic to the number of
tasks in the region of the circle. Though the majority of
tasks are CPU-heavy, there exist tasks that are memory-

Figure 1: CPU and memory demands of tasks in a 2000-node
Hadoop cluster at Facebook over one month (October 2010).
Each bubble’s size is logarithmic in the number of tasks in its
region.

heavy as well, especially for reduce operations.
Existing fair schedulers for clusters, such as Quincy

[18] and the Hadoop Fair Scheduler [2, 34], ignore the
heterogeneity of user demands, and allocate resources at
the granularity of slots, where a slot is a fixed fraction
of a node. This leads to inefficient allocation as a slot is
more often than not a poor match for the task demands.

Figure 2 quantifies the level of fairness and isola-
tion provided by the Hadoop MapReduce fair sched-
uler [2, 34]. The figure shows the CDFs of the ratio
between the task CPU demand and the slot CPU share,
and of the ratio between the task memory demand and
the slot memory share. We compute the slot memory
and CPU shares by simply dividing the total amount of
memory and CPUs by the number of slots. A ratio of
1 corresponds to a perfect match between the task de-
mands and slot resources, a ratio below 1 corresponds to
tasks underutilizing their slot resources, and a ratio above
1 corresponds to tasks over-utilizing their slot resources,
which may lead to thrashing. Figure 2 shows that most of
the tasks either underutilize or overutilize some of their
slot resources. Modifying the number of slots per ma-
chine will not solve the problem as this may result either
in a lower overall utilization or more tasks experiencing
poor performance due to over-utilization (see Section 7).

3 Allocation Properties
We now turn our attention to designing a max-min fair al-
location policy for multiple resources and heterogeneous
requests. To illustrate the problem, consider a system
consisting of 9 CPUs and 18 GB RAM, and two users:
user A runs tasks that require h1 CPUs, 4 GBi each, and
user B runs tasks that require h3 CPUs, 1 GBi each.
What constitutes a fair allocation policy for this case?
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Figure 3: DRF allocation for the example in Section 4.1.

CPU, while the dominant resource of a user running an
I/O-bound job is bandwidth.1 DRF simply applies max-
min fairness across users’ dominant shares. That is, DRF
seeks to maximize the smallest dominant share in the
system, then the second-smallest, and so on.

We start by illustrating DRF with an example (§4.1),
then present an algorithm for DRF (§4.2) and a defini-
tion of weighted DRF (§4.3). In Section 5, we present
two other allocation policies: asset fairness, a straightfor-
ward policy that aims to equalize the aggregate resources
allocated to each user, and competitive equilibrium from
equal incomes (CEEI), a popular fair allocation policy
preferred in the micro-economic domain [22, 30, 33].

In this section, we consider a computation model with
n users and m resources. Each user runs individual tasks,
and each task is characterized by a demand vector, which
specifies the amount of resources required by the task,
e.g., h1 CPU, 4 GBi. In general, tasks (even the ones
belonging to the same user) may have different demands.

4.1 An Example
Consider a system with of 9 CPUs, 18 GB RAM, and two
users, where user A runs tasks with demand vector h1
CPU, 4 GBi, and user B runs tasks with demand vector
h3 CPUs, 1 GBi each.

In the above scenario, each task from user A consumes
1/9 of the total CPUs and 2/9 of the total memory, so
user A’s dominant resource is memory. Each task from
user B consumes 1/3 of the total CPUs and 1/18 of the
total memory, so user B’s dominant resource is CPU.
DRF will equalize users’ dominant shares, giving the al-
location in Figure 3: three tasks for user A, with a total
of h3 CPUs, 12 GBi, and two tasks for user B, with a
total of h6 CPUs, 2 GBi. With this allocation, each user
ends up with the same dominant share, i.e., user A gets
2/3 of RAM, while user B gets 2/3 of the CPUs.

This allocation can be computed mathematically as
follows. Let x and y be the number of tasks allocated

1A user may have the same share on multiple resources, and might
therefore have multiple dominant resources.

Algorithm 1 DRF pseudo-code

R = hr1, · · · , rmi . total resource capacities
C = hc1, · · · , cmi . consumed resources, initially 0
si (i = 1..n) . user i’s dominant shares, initially 0
Ui = hui,1, · · · , ui,mi (i = 1..n) . resources given to

user i, initially 0

pick user i with lowest dominant share si

Di  demand of user i’s next task
if C +Di  R then

C = C +Di . update consumed vector
Ui = Ui +Di . update i’s allocation vector
si = maxmj=1{ui,j/rj}

else
return . the cluster is full

end if

by DRF to users A and B, respectively. Then user A

receives hx CPU, 4x GBi, while user B gets h3y CPU,
y GBi. The total amount of resources allocated to both
users is (x+3y) CPUs and (4x+ y) GB. Also, the dom-
inant shares of users A and B are 4x/18 = 2x/9 and
3y/9 = y/3, respectively (their corresponding shares of
memory and CPU). The DRF allocation is then given by
the solution to the following optimization problem:

max (x, y) (Maximize allocations)
subject to

x+ 3y  9 (CPU constraint)
4x+ y  18 (Memory constraint)

2x

9
=

y

3
(Equalize dominant shares)

Solving this problem yields2
x = 3 and y = 2. Thus,

user A gets h3 CPU, 12 GBi and B gets h6 CPU, 2 GBi.
Note that DRF need not always equalize users’ domi-

nant shares. When a user’s total demand is met, that user
will not need more tasks, so the excess resources will
be split among the other users, much like in max-min
fairness. In addition, if a resource gets exhausted, users
that do not need that resource can still continue receiv-
ing higher shares of the other resources. We present an
algorithm for DRF allocation in the next section.

4.2 DRF Scheduling Algorithm
Algorithm 1 shows pseudo-code for DRF scheduling.
The algorithm tracks the total resources allocated to each
user as well as the user’s dominant share, si. At each
step, DRF picks the user with the lowest dominant share
among those with tasks ready to run. If that user’s task
demand can be satisfied, i.e., there are enough resources

2Note that given last constraint (i.e., 2x/9 = y/3) allocations x
and y are simultaneously maximized.
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