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Abstract
Efficient resource allocation in distributed computing system
and cloud computing has been an important and difficult
task. For user satisfaction, these allocations are also expected
to satisfy certain fairness criteria. Traditional systems for
resource allocation in multi-tenant environments have ei-
ther aimed at providing fairness (in data centers), relied on
users to specify their resource requirements, or estimating
the resource requirements via surrogate metrics (e.g. CPU
utilization). These approaches fall short on what a user cares
most: how well their job performs in the real world. In this
project, we build Cilantro, a framework for performance-
aware resource allocation in data centers and the cloud. At
the core of Cilantro is an online learning mechanism which
forms feedback loops with the job to estimate the resource
to performance mappings. This relieves the users from the
onerous task of profiling their jobs and collects more reli-
able real-time data. By translating performance requirements
to resource demands, Cilantro can adopt a wide variety of
performance-aware scheduling policies. In our evaluation on
a 250-node cluster shared by 20 users, we find that three on-
line learning policies implemented on Cilantro outperform
seven baselines by 1.5−3×with three different performance-
aware evaluation criteria, while the utilities of some users
increase by up to 4×.

1 Introduction
Efficient resource allocation in distributed computing system
and cloud computing has been an important and difficult
task for a resource manager.

Traditionally, scheduling policies have optimized on various
objectives, such as providing fairness [13, 20], maximizing
resource utilization [40], maximizing the amount of work
done [20, 20], or minimizing queue lengths [1, 33]. However,
these policies miss, or at best are imperfect proxies for what
matters most to the users: the performance of their jobs in
terms of actionable real-world metrics (e.g. P95 latency or
throughput for a serving job, completion time for an ana-
lytic job). Since application (job) performance is crucial to
user satisfaction, there has been extensive work in tracking
and recording these metrics, giving rise to the popularity of
monitoring tools such as Grafana, Prometheus and Datadog.
Yet, resource allocation mechanisms are largely oblivious to
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Figure 1. Two users serving TPC-DS benchmark queries with
different resource-throughput mappings and performance goals
(SLO). A user’s ResReq is the amount of CPUs needed for her SLO.
Fair equal allocation of resources causes user 2 to miss their SLO,
while user 1 has already exceeded their SLO.

them, instead requiring users to observe these metrics and
determine how much resources to allocate for their jobs.

To illustrate the pitfalls of performance-oblivious scheduling,
consider the example in Figure 1 where two users are sharing
a cluster of 100 CPUs. They are running database queries
from TPC-DS benchmark, and care about the throughput,
i.e. the rate at which queries are processed. The jobs have
different resource-to-throughput curves and service level
objectives (SLO). The first user’s SLO is 120 query-per-second
(QPS) which requires 40 CPUs, and the second user’s SLO is
62 QPS which requires 60 CPUs.

In this scenario, a performance-oblivious resource-based fair
allocation policy will simply allocate 50 CPUs to each user.
While this is resource-efficient, in that both jobs will be
doing work, only the first user will achieve her SLO while
the second one will not. Instead, if we allocate 40 CPUs to
user 1 and 60 to user 2, they both achieve their SLOs. While
this might seem unfair from a resource point of view, user
1 may not have complaints since her SLO is satisfied. In
realistic situations, we often cannot satisfy the SLOs of all
the jobs and the scheduler should decide how best to divide
the resources among these competing jobs.

In this project, we introduce Cilantro, a performance-aware
scheduling framework. At the core of Cilantro is an online
learning mechanism which forms feedback loops with jobs
to allocate resources and get performance feedback from jobs.
A pool of independent learners analyze this feedback and
learn increasingly accurate models of resource-performance
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curves for each application. These models serve as a transla-
tion layer for scheduling policies which converts the perfor-
mance goals to resource requirements and vice-versa.

We deployed the implementation of performance-aware
policies in fixed clusters. We use Cilantro to implement
strategy-proof policies which operate directly on the
resource-performance curves (e.g. Kelly mechanism [28])
and policies which require resource-demand information
(e.g. economic fair division methods [13, 20]). This is a
marked departure from performance-oblivious resource-
fairness policies which equally allocate resources, and those
based on unreliable proxy metrics such as CPU utilization
and queuing delays.

The main strength of Cilantro lies in the online nature of its
learning mechanism. First, online learning methods are not
bound by the amount of data used for learning - they can
continually keep learning and improve over time. Second,
since the learners learn from runtime data generated from
live workloads, they can reliably account for real-world phe-
nomenon, such as performance variability of servers [15].
Third, online learning reduces the burden on users since they
are no longer required to manually estimate the resource
demand and any updates to the workload are automatically
accounted for by the learner.

1.1 Related Work

Large organizations typically have a pool of resources in the
form of a cluster that must be shared among multiple users
running different applications. In addition to sharing these
resources, the organization usually also enforces resource
allocation constraints in the form of policies which dictate
constraints on the allocations.

Resource-sharing policies. In multi-tenant clusters,
resource-sharing policies generally aim to achieve some
notion of fairness. The majority of existing work in fair
allocation fall into one of the two categories. One class of
methods use proportional fairness, which simply divides the
resource equally (or proportional to some weights) without
accounting for resource requirements [24].

A second class of methods are demand-based, where each
user specifies the amount of resources necessary to execute
a unit of work for their job (e.g., based on resource require-
ments or other mechanisms like work-queue lengths), and
then the mechanism allocates resources based on these sub-
mitted requests while accounting for their fair shares. De-
mers et al. [13] introduced the popular max-min fairness
(MMF) procedure, subsequent work have applied the same
principle for allocating resources in data centers. Some have
also applied the MMF principle to design various queuing
mechanisms such as lottery scheduling [39] and weighted
fair queuing [6, 36]. Prior work also studied demand-based
fairness for multi-resource environments. Examples include

dominant resource fairness and its queuing variants [19, 20,
22] which extend MMF to multi-resource settings.

However, both proportional and demand-based fairness
methods fail to account for application performance. As
illustrated in Figure 1, fairness in allocating resources does
not necessarily result in fairness of performance outcomes,
where some users may obtain their SLOs while others may
not. Moreover, in demand-based methods, users are forced to
perform the translation of their performance requirements
into resource requirements estimates, which is challenging
due to the fluctuating loads and performance variability of
both applications and servers.

Performance (utility)-based policies. Prior to the emer-
gence of large scale cluster computing, a line of work in the
networking literature has considered user performance in
fair allocation. These policies typically work with a notion
of utility, which is the value derived by the user from a given
performance. The most popular utility-based policy class is
the Kelly’s model [28], which states that we should maximise
the social welfare, i.e. (weighted) sum of user utilities, when
determining allocations. An alternative approach to using
utilities in fair allocation is to maximise the egalitarian wel-
fare, i.e. (weighted) minimum of user utilities1. One recent
work which directly considers a user’s satisfaction-based
utility under this framework is Minerva [32], who does so
in a video streaming setting.

More recently, there have been works on using learning
methods to optimise cluster performance but they do not
consider users’ utilities. Jockey [16] satisfies latency SLOs
by modelling internal job dependencies to dynamically re-
provision resources, but focuses doing so for a single job.
Paragon [11] accounts for resource heterogeneity and in-
terference among jobs to achieve performance guarantees.
Quasar [12] prioritizes application performance in resource
allocation and is similar to Cilantro in spirit, but requires of-
fline profiling of jobs and has a fixed operator-centric policy
that aims to maximize cluster utilization. Autopilot [34] per-
forms application load and resource requirement prediction
to minimize the amount of non utilized resources. But it does
not account for actual application performance and instead
uses surrogate metrics such as out-of-memory (OOM) rates
to determine allocations. Morpheus [25] aims to mitigate per-
formance unpredictability by defining SLOs and satisfying
their resource demands by using models based on histori-
cal data. While Morpheus relies on resource reservation to
re-provision resources, its automated SLO generation is syn-
ergistic with Cilantro towards achieving a zero-configuration
cluster scheduler. Moreover, all these works highlight the

1This is different form max-min fairness (MMF) as described in [13] which
allocates idle resources to other jobs, whereas egalitarianwelfare can acquire
utilized resources too.
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need for automatically learning resource requirements since
users tend to exaggerate their demands.

Cluster managers are performance-oblivious. To sim-
plify resource coordination between users and to enforce
policy-based constraints on resource sharing, cluster opera-
tors deploy cluster management frameworks such as Kuber-
netes [8], Mesos [23] and YARN [37]. All of these support
common fairness policies, while also allow third party exten-
sions to implement custom scheduling policies. To execute
resource allocations from policies, Kubernetes and YARN
use resource reservations while Mesos negotiates resource
allocations through resource offers. However, in doing so,
these frameworks do not provide any mechanisms for the
policy to get an application’s utility. Instead, they just fo-
cus on one-way allocations of resources and do not collect
any feedback on the given allocation. This prevents policies
from observing application performance, and policies are
forced to make invasive changes to application logic to ex-
tract relevant metrics [40]. In the next section, we discuss
how Cilantro overcomes this performance-obliviousness by
designing and allowing policies to adjust resource allocations
in response to application performance.

2 Cilantro Design
Cilantro is designed to support performance-aware resource
allocation in a general manner. Cilantro incorporates
performance-aware policies through online learning of the
resource-performance mappings of jobs, while achieving
generality by decoupling the scheduling policies from the
resource allocation and job execution mechanisms of the
framework.

Assumptions & terminology: In this work, we will fo-
cus on jobs which can scale elastically with the number
of resources with corresponding gains in performance. Ex-
amples of such workloads include stateless or stateful dis-
tributed services (e.g web serving, prediction serving [10],
memcached [18], Cassandra [29]), distributed computation
(ML model training, ML hyperparameter tuning, MPI jobs)
and distributed frameworks (e.g. Hadoop [35], Spark [41],
Ray [30]). Some of these workloads can be viewed as a col-
lection of several tasks whose job size may vary with time,
such as in serving jobs where each task may refer to a query
whose arrival rate may change with time. For such jobs, we
will refer to the instantaneous rate of task arrival as the load
(measured in queries per second (QPS)). We also assume that
all resources are fungible.

Design overview. Figure 2 presents the architecture of
Cilantro. The Cilantro framework is composed of two key
components - the centralized Cilantro scheduler which is
responsible for generating resource allocations, and the
Cilantro clients, which fetch the job’s performance state,
compute local utility and send it the Cilantro scheduler.

Cilantro Scheduler

Performance Learners Load Forecasters

Data 
Loggers

Learning Modules

Resource Allocator

Res-Perf
Estimates

Load
Forecasts

Res-Perf 
Data

Physical
Resources

Job 1
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Server
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More Jobs

Load Data
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(Perf-based or demand-based)

Perf-Resource Translator
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Resource Demands

Resource Manager (Kubernetes)

Resource Allocations

Perf
Data

Alloc
Data

Figure 2. The Cilantro architecture. Arrows indicate data flow
directions and red text highlights the objects flowing in.

2.1 Cilantro Scheduler

The Cilantro scheduler is designed as an asynchronous event
driven system. Events trigger various modules in the system.
Event sources include timers, performance updates received
from the Cilantro clients, and cluster state updates from
the underlying resource manager (e.g. Kubernetes in our
implementation). We now describe different modules in the
Cilantro scheduler.

1. Data loggers. Performance updates from Cilantro clients
are stored in data loggers – memory-backed tables which
are queried by the online learning mechanism. The Cilantro
scheduler maintains a data logger per running application.
The data logger offers a submit-event interface, which
applications can use to push data, and a get-data interface,
which the time series and performance learners can use
to pull data. When the size of the data-logger exceeds a
specified threshold, the table is spilled to disk to reduce
memory footprint.

2. Performance learner and model. The goal of the per-
formance learner is to learn an application’s performance as
a function of the amount of resources used and the load (if
applicable) using an associated model. At regular periods, it
polls the data logger for new data and updates the model. The
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update frequency of a performance learner is constrained
only by the speed at which the model can be updated. Like
the data logger, one instance of a performer model is main-
tained per application. A performance learner provides a
polling interface for policies; get-perf-est, which returns
an estimate and confidence intervals for the performance as
a function of the amount of resources and load.

In our implementations, we use the estimator described
in [27] which bins the amount of resources into different
bins and estimates the performance for each bin using the
average. The bins are created adaptively such that more bins
are created in a region if there is more data available in that
region. For workloads with varying loads, we use the re-
sources divided by the load as the input instead of directly
using the amount of resources. While being simple, this esti-
mator worked well on the workloads we stress-tested and
has some desirable properties over conventional ML models.
First, it is fast and light-weight, with get-perf-est typi-
cally taking only a few ms (see Table 2). Second, it is simple
to impose monotonicity constraints on this estimator (e.g.
more resources cannot hurt the performance). Third, its re-
sults are easy to interpret, which is useful if one wants to
explain the allocations to the job’s developer.

3. Load forecasters. In many real-world deployments, the
job size could vary with time depending on the real-time
traffic, which should be accounted for when allocating re-
sources. The goal of the time series learner is to estimate this
load for the duration of the allocation based on past observed
loads. It offers a get-load-est interface for a policy which
returns an estimate and confidence intervals for the future
load. are regularly updated by polling from the data loggers.

In our current implementation, we use an auto-regressive
integrated moving average (ARIMA) estimator which uses a
moving average to estimate the load and correct for any lin-
ear trends. While quite rudimentary, we found that ARIMA
worked sufficiently well in practice.

4. Performance-resource translator (PRT) and policies.
While many performance-aware policies can directly uti-
lize current application performance and load information
to compute resource allocations, supporting performance-
oblivious scheduling policies (such as max-min fairness)
requires stating the resource demand of the job. To main-
tain the generality of Cilantro, we introduce a performance-
resource translator (PRT), a thin layer which converts per-
formance, load estimates and the job’s performance goals
into the resource demands for jobs.

Our implementation of PRT operates on a simple assump-
tion that each task in the job requires the same amount
of resources to complete. PRT exposes the get-dem-est
interface, which, for a given performance goal and load, re-
turns an estimate and confidence intervals for the resource

demand (i.e. amount of resources required to meet the per-
formance goal). PRT produces these estimates by querying
the get-perf-est interface for the resource requirement
to achieve the target performance. This value is scaled by
the current load estimate received from get-load-est to
get the resource demand required for satisfying the job’s
performance goal. We discuss the importance of returning
confidence intervals in Section 3.3.

By polling the get-dem-est interface, the policy computes
an allocation according to a pre-specified goal (see Section 3
for some goals and specific policies). It provides a get-alloc
interface which, upon invocation, queries the performance-
resource translation layer for estimates of resource demands
and computes an allocation.

5. Resource allocator. The resource allocator is responsible
for executing the resource allocations by interfacing with the
underlying cluster manager, such as Kubernetes. This mod-
ule is event driven: on receiving an allocation expiry event,
it invokes the policy’s get-alloc method and allocates the
resources as specified by the policy. Allocation expiry events
can be raised based on a time or when the load estimate for
a running job changes significantly. However, in practice,
the frequency of applying an allocation is limited by the
agility of the environment. Since scaling jobs requires time,
changing resource allocations too frequently can result in
job thrashing (having to scale down before it has a chance
to utilize new resources).

2.2 Cilantro client

The Cilantro client is a lightweight side-car container that
is co-located with an associated job. The purpose of the
Cilantro client is to poll the application to get its current
performance, process it to obtain a standardized output, and
publish it to the data loggers that are running on the Cilantro
scheduler.

The primary challenge for Cilantro clients is to extract met-
rics from their assigned job. Many systems typically expose
REST endpoints to query current system performance [3, 4],
but often the applications also use monitoring tools such
as Prometheus or Grafana. In such situations, the Cilantro
client can directly query these services. Depending on the
application, the performance metric extraction logic is speci-
fied by the users. If the Cilantro client has no visibility into
the application metrics, we provide built-in fallback that can
use surrogate metrics from the Kubernetes API, such as re-
source utilization, to report job performance. The user can
also directly submit a resource demand via the client which
will then be fed to the policy when determining allocations.

3 Policies
In this section, we describe our online learning policies for
performance-aware resource allocation using Cilantro for
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Figure 3. An SLO-aware utility (blue curve, 𝑦-axis on right) de-
rived from the raw performance metric (red curve, 𝑦-axis on left).
While we have used this form of utilities for our evaluation in this
work, Cilantro can handle most utilities which are non-decreasing
in the raw performance metric.

multiple competing jobs in a fixed cluster. We will first for-
mally describe what we mean by performance.

Performance: The performance 𝑝 𝑗 of a job 𝑗 refers to some
raw metric of interest, which, say, can be obtained from a
monitoring tool. We write the performance 𝑝 𝑗 (𝑎 𝑗 , ℓ𝑗 ) as a
function of the resources received 𝑎 𝑗 and the load ℓ𝑗 . We will
assume that for fixed loads, the performance 𝑝 𝑗 is (at least
approximately) non-decreasing in the amount of resources
received 𝑎 𝑗 , and for a fixed 𝑎 𝑗 , the performance is (at least
approximately) non-increasing with the load. For example,
in a serving job with a P95, 100 ms latency SLO, the load
may refer to the arrival rate and performance may be the
fraction of queries completed in under 100 ms.

In most cases, a compute cluster is over-subscribed and we
need to decide how best to allocate the resources so that the
overall goals of a group of users are achieved. In order to
do this, we will first need to introduce the concept of utility,
which is closely tied to a job’s performance.

3.1 From raw performance metrics to utilities

Intuitively, the utility of a job is a practical value we derive
due to its performance. The utility 𝑢 𝑗 is a non-decreasing
function of the performance (higher performance does not
hurt), and can be written as 𝑢 𝑗 (𝑎 𝑗 , ℓ𝑗 ) = 𝑢 ′

𝑖 (𝑝 𝑗 (𝑎 𝑗 , ℓ𝑗 )) for
some non-decreasing function 𝑢 ′

𝑖 . One straightforward op-
tion is to simply set the utility to be equal to the performance,
i.e. 𝑢 𝑗 = 𝑝 𝑗 . However, we might also choose a utility which
captures diminishing returns of increased performance.

For our evaluations, where our primary focus is on long
running jobs which have well-defined SLOs, we consider the
following forms for the utilities. The maximum utility for
any job is normalized as 1, which is achieved for any perfor-
mance greater than or equal to the SLO; for performances
below the SLO, the utility increases proportionally with the
performance. We illustrate this in Figure 3.

We consider the above form for the utility due to the follow-
ing reasons. (i) First, it is a meaningful notion of utility for
workloads we consider in this work, with well defined SLOs.

For instance, when one job is part of a larger service, the over-
all quality may be bottlenecked by other jobs and external
factors; in such cases, there is little value derived in exceed-
ing a carefully chosen SLO. (ii) SLOs feature prominently
in service level agreements (SLAs) with external customers.
Usually a service provider may have to pay a penalty if they
violate the SLOs (e.g. [2]) and might lose credibility with
their customer if they repeatedly do so. Using the SLOs as a
basis for the utilities is a natural way to capture such effects.
(iii) Third, for the purposes of our evaluation, it provides a
simple way to compare the values derived from jobs with
heterogeneous performance metrics and SLOs, such as those
based on latencies, throughput, or completion time.

We wish to emphasize that the above choice of utility is not
a fundamental limitation of Cilantro and is solely for the
purpose of our evaluation. Provided that the utility is non-
decreasing with performance, Cilantro can incorporate them
into many allocation policies as we will discuss in Sec. 3.3.

3.2 (Oracular) policies with known utilities

Before we delve into the online learning policies which learn
the performance curves on the fly, we will first review three
common allocation methods when the performance curves
(and hence the utilities) are known.

Notation:We will denote the number of jobs by 𝑛 and the
amount of resources by 𝑅. We will denote an allocation by
𝑎 = (𝑎1, . . . , 𝑎𝑛), where 𝑎 𝑗 denotes the amount of resources
allocated to job 𝑗 . Note that the sum of allocations is always
less than the total amount of resources, i.e.

∑𝑛
𝑖=1 𝑎 𝑗 ≤ 𝑅.

(i) Social welfare (a.k.a Kelly mechanism [28]): We choose the
allocation 𝑎 which maximizes the social welfare (or equiva-
lently the average utility), i.e. 𝑎 = argmax𝑊S, where,

𝑊S =
1
𝑛

∑︁𝑛

𝑗=1
𝑢 𝑗 (𝑎 𝑗 , ℓ𝑗 ). (1)

Typically, but not always, this allocates more resources to
jobs which have a high utility-to-resource ratio, i.e. can gen-
erate large utility with a small amount of resources (Fig. 4).

(ii) Egalitarian welfare: Here, we choose the allocation 𝑎

which maximizes the egalitarian welfare (minimum of all
utilities), i.e. 𝑎 = argmax𝑊E, where

𝑊E = min
𝑗 ∈{1,...,𝑛}

𝑢 𝑗 (𝑎 𝑗 , ℓ𝑗 ). (2)

Typically, this allocates more resources to jobs which have a
low utility-to-resource ratio (see Fig. 4).

(iii) No justified complaints (NJC) fair division [14, 22]: A
naive form of ensuring fairness across all jobs is to simply
allocate 𝑅/𝑛 resources per job. While this is fair, it can result
in wasteful allocations; for instance, if a job 𝑗 requires less
than 𝑅/𝑛 resources, the excess resources would be either
sitting idle or doingwork that does notmeaningfully increase
the job’s utility. Fair division mechanisms which adopt the
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job 1 job 2

job 3

allocation (utility) metrics
Policy job 1 job 3 job 3 𝑊S 𝑊E 𝐹NJC

Soc. welf. 10 (1.0) 50 (1.0) 0 (0.0) 0.67 0.0 0.0
Egal. welf. 4 (0.4) 20 (0.4) 36 (0.4) 0.4 0.4 0.4
NJC fair. 10 (1.0) 25 (0.5) 25 (0.28) 0.59 0.28 1.0
Equal 20 (1.0) 20 (0.4) 20 (0.22) 0.54 0.22 1.0

Figure 4. Comparison of the (oracular) policies described in Sec. 3.2 via a synthetic example with 60 total resources. Left: Utility curves for
three jobs. The 𝑦 axis is the utility and the 𝑥-axis is the number of resources. For simplicity, we have ignored the loads and assumed that
utilities increase linearly up to some resource demand for each job and do not increase thereafter. The total demand is 150, whereas only 60
resources are available; hence, an allocation policy should decide how best to divide the resources. Right: The allocations for each job and
the corresponding utility in paranetheses for the social welfare maximizing policy (Soc. welf.), egalitarian welfare maximizing policy (Egal.
welf.), the NJC fairness policy (NJC fair.) and when allocating the resources equally (Equal). We have also shown the𝑊S (1),𝑊E (2), and
𝐹NJC (3) metrics for each policy. Different policies might be appropriate for different use cases. Cilantro provides tools to allocate according
to many such policies including the above when the utilities are unknown a priori.

NJC principle allocate such excess resources to other jobs in
order to achieve a Pareto-efficient allocation. While a job 𝑗

may receive less than its fair share, it will have no complaints,
since its ability to execute the job or the utility derived from it
has not deteriorated. While there are many methods for NJC
fair division, in this work, we adopt the max-min fairness
procedure [13, 27], which takes excess resources from jobs
whose demand is less than 𝑅/𝑛 and divides it equally among
other jobs2. One additional advantage of this method is that
it also has desirable strategy-proofness properties, i.e. users
cannot manipulate this policy to obtain more resources and
increase their utilities [20, 27]. We show that this strategy-
proofness properties also translate to the online learning
setting. For evaluating policies on fairness, we define the
following NJC fairness metric:

𝐹NJC = min
𝑗 ∈{1,...,𝑛}

𝑢 𝑗 (𝑎 𝑗 , ℓ𝑗 )
𝑢 𝑗 (𝑅/𝑛, ℓ𝑗 )

(3)

The term inside the minimum can be interpreted as a fairness
metric for job 𝑗 as it measures the utility achieved relative to
its fair share of 𝑅/𝑛 resources. In contrast to quantities such
as the Jain’s index, the above metric accounts for users’ util-
ities when evaluating fairness. 𝐹NJC metric has a maximum
value of 1 and is trivially maximized by equally allocating
𝑅/𝑛 resources to each user. However, several economic fair
division policies can also achieve a value of 1 while simulta-
neously achieving better utilities for all users.

As we have illustrated in Fig. 4, the above policies can yield
very different allocations with different outcomes. The best
policy might depend on the specific use case. Cilantro’s goal
is to allow a practitioner to choose an appropriate policy
and provide an online learning mechanism to learn resource-
performance curves while simultaneously allocating accord-
ing to this policy. We discuss this further in Section 3.3.

2This is not to be conflated with maximizing the minimum utility, a.k.a
egalitarian welfare. To avoid confusion, we will use the terms egalitarian
welfare and NJC fairness throughout this manuscript.

3.3 Online learning policies

We now derive some online learning policies for Cilantro
based on the above oracular policies, when the jobs’ per-
formance mappings (and hence utilities) and the load are
unknown. Instead, we need to rely on the utility learners
and time series learners for estimates (Fig. 2).

(i) Cilantro-SW: Here, we aim to design an online learning
policy which resembles the social welfare policy in Sec 3.2.
On each allocation round, we choose

𝑎 = argmax
∑︁𝑛

𝑖=1
𝑢 𝑗 (𝑎 𝑗 , ℓ̂𝑖 ),

Above, ℓ̂𝑖 is a 90% upper confidence bound for the load (mea-
sured in QPS) using the time series model. We found that
the arrival rate of queries could vary significantly within
an allocation round, and slightly over-estimating the load
via an upper confidence bound, instead of directly using the
estimate, performed well in practice. Next, 𝑢 𝑗 is computed
using 𝑢 𝑗 (𝑎 𝑗 , ℓ̂𝑖 ) = 𝑢 𝑗 (𝑝𝑖 (𝑎 𝑗 , ℓ̂𝑖 )), where 𝑝𝑖 is an upper con-
fidence bound on the performance curves obtained using
our performance learners. While it is tempting to directly
use an estimate, the stochastic bandit optimization literature
suggests that doing so can fail spectacularly; instead, using a
upper confidence bounds is optimal in online settings [7, 26].
Intuitively, using an upper confidence bound incentivizes a
policy to explore other allocations instead of quickly coming
to false conclusions with insufficient data.

(ii) Cilantro-EW: Here, we design an online learning policy
which resembles the egalitarian welfare policy in Sec 3.2. On
each allocation round, we choose

𝑎 = argmax min
𝑖∈{1,...,𝑛}

𝑢 𝑗 (𝑎 𝑗 , ℓ̂𝑖 ),

We use an upper confidence bound ℓ̂𝑖 for the load and 𝑢 𝑗 for
the utility for similar reasons described above.

(iii) Cilantro-NJC: Unlike the two previous cases, in NJC fair
sharing, there is no well-defined welfare function that we
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can maximise to choose the next allocation. Here, we adopt
the method proposed in [27] which is shown to be able to
asymptotically generate fair and Pareto-efficient allocations.
Intuitively, this method uses the upper and lower confidence
bounds on the performance curves to estimate the amount
of resources at which a job achieves its maximum utility
(e.g. achieves its SLOs). Then it invokes the NJC fairness
procedure to allocate resources based on this estimate.

For NJC fair division policies, we require the utility to be
clipped so that wemay define a resource demand, i.e. the point
at which a user’s utility does not increase further (𝑑 𝑗 in Fig. 3).
Applying an online learning version of a fair division policy
in Cilantro is also straightforward: on each allocation round,
we first estimate the resource demand via the get-dem-est
interface of the performance learners and then invoke the
corresponding policy using the estimated demands.

4 Experiments
The main highlights of our evaluation are:

1. The Cilantro-SW, Cilantro-EW, and Cilantro-NJC poli-
cies, which do not start with any prior data, are compet-
itive with oracular policies which have access to jobs’
resource to performance mappings obtained after several
hours of profiling. Moreover, they outperform 7 other
baselines on relevant metrics.

2. We qualitatively compare the three allocation paradigms
discussed in Section ??, via Cilantro’s online learning
framework. While Cilantro’s goal is to enable a wide vari-
ety of policies, we find that NJC fair division mechanisms
provide an excellent trade-off between the overall perfor-
mance and fairness. Moreover, they are strategy-proof
which disincentivises manipulative users from trying to
get more resources for themselves.

3. We show that Cilantro’s learning mechanism is light-
weight, making it suitable for real-time scheduling.

4.1 Implementation & Workloads Details

The Cilantro Scheduler and the Cilantro client are imple-
mented in 7600 lines of python code. The scheduler runs as a
standalone scheduler for Kubernetes. Any Kubernetes pods
created with the scheduler=cilantro label are forwarded
by the kubernetes control plane to the Cilantro scheduler
which assigns a node to the pending pod.

Resource reallocation events are triggered by a timer-based
event, which is rasied every 2 minutes in our experiments.
This window was chosen based on the fact that Kubernetes
pods could be created and destroyed in 5-15 seconds. A 2
minute allocation window is long enough for the pod to
reach its steady state that performance metrics from the job
would be reliable while at the same time frequent enough to
adapt to changes in the load and learned performances.

To execute updated resource allocations received from poli-
cies, we horizontally scale the workloads by adding more
replicas to their kubernetes deployment. Newly created pods
then rely on the kubernetes service discovery mechanism
to connect to the workload’s ring of servers. The workload
is responsible for updating local resource count and load
balancing queries onto the new servers.

We implement the cilantro client by sharing disk volumes
between the cilantro client and the workload. The workload
peridiocally (every 2s) writes STDOUT to logs in the shared
volume, which are then read by the cilantro client and pub-
lished to the scheduler over gRPC. These gRPC messages
also act as heartbeats to inform liveness to the scheduler.

Workloads: We evaluate Cilantro on three classes of work-
loads – database querying, prediction serving and machine
learning training – which are used to create multiple jobs.
We have shown the resource-to-performance mappings of
all workloads in Fig. 5, which were obtained by profiling
each job for 4 hours in the presence of other jobs in clus-
ter. Queries to the database querying and prediction serv-
ing workloads are periodically dispatched by a trace-driven
workload generator. We use the Twitter Sample API[5] to
collect a scaled trace of tweet arrival rate at Twitter over a
period of 24 hours at Twitter’s Asia datacenters. To bring the
trace at parity with our experiment cluster, we subsample
the arrival rate by a factor of 10. The workload generator
parses this trace and dispatches a query at every arrival.

For the ML training workload, we draw queries from an
essentially infinite pool to create a constant stream of work.
All these workloads are made to report their performance to
the cilantro client every 10 seconds. Tasks which are running
when the performance is reported are discarded to avoid
affecting results for next reporting round.

Database querying:We use the TPC-DS [31] benchmark
suite as the workload backed by replicated instances of
sqlite3 database. Each job’s database is populated with the
TPC-DS data generator with the scale factor parameter set
to 100. The TPC-DS suite consists of 99 query templates out
of which 27 were not compatible with the sqlite dialect and
were discarded. Of the remaining workloads, we considered
those that had an average completion time of under 300 ms
on an Amazon m5xlarge instance. We created two workloads
using this subset of queries: DB-0, which had queries that
completed in under 100 ms and DB-1 which had queries
that had a completion time between 100 and 300 ms. When
a query is requested, we randomly pick a relevant query
from this database and dispatch it according to the trace. The
performance metric of interest is query latency.

Prediction serving: In prediction serving (e.g. [10]), a job
processes arriving queries to output a prediction, usually
obtained via a machine learning model. In our set up, we
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Figure 5. The resource to performance mappings obtained via the adaptive binning estimator (see Sec. 2) for the four workloads after
approximately 6 hours of profiling. The blue curve is the average performance value. Shaded in blue is the 95% (2-𝜎) confidence region for the
average performance value and shaded in green is the 95% region for the noisy performance value. For the latency-based workloads (DB-0,
DB-1, and prediction serving), we have shown the number of resources per unit load (arrival QPS) in the 𝑥-axis and the fraction of queries
completed under 2s on the 𝑦-axis. For the ML training workload, we have shown the number of resources on the 𝑥 axis the amount of data
processed per second on the 𝑦-axis. To obtain accurate estimates, when profiling, we sampled low resources allocation values more densely.

use a random forest regressor and the the news popularity
dataset [17]. Half of the dataset is used to train the model
(before the experiment), while the remaining half (test set)
is used to generate queries for the workload. Queries are
issued in batches of 4, which are picked randomly from the
test set. The metric of interest here is the serving latency.

ML training: Many real world machine learning deploy-
ments require that we continuously update the model from
an input stream of data so as to account for changes in the
data distribution [40]. In our set up, we use a neural network,
with four hidden layers of size 64 each. We train our model
using the naval propulsion [9] dataset using stochastic gra-
dient descent (SGD). Each task in this workload consists of
training a batch of 16 points for 100 iterations. The perfor-
mance metric of interest here is throughput, or the number
of samples processed per second.

4.2 Fixed cluster experiments

Experimental set up:We use a cluster of 1000 CPUs com-
posed of 250 AWS m5.xlarge instances which have 4 vC-
PUs each. The Cilantro scheduler runs on its own dedicated
m5.xlarge instance. We use the above 4 workloads to create
20 jobs as follows: 3 DB-0 users with P90, P90, and P95 la-
tency SLOs of 2s; 7 DB-1 users with P90, P90, P95, P95, P95,
P99, P99 latency SLOs of 2s; 3 prediction serving users with
P90, P90, and P95 latency SLOs of 2s; 7 machine learning
training users with throughput SLOs of 400, 400, 450, 450,
500, 500, and 500 QPS. The estimated total amount of re-
sources based on the median demand was 1637 CPUs; hence,
even at full capacity, not all users can satisfy their SLOs. We
evaluate all baselines for 4 hours.

4.2.1 Baselines
Oracular policies: We implement the following oracular poli-
cies which have access to the performance curves, obtained
by exhaustively profiling each workload for at least 4 hours.

1) Oracle-SW, 2) Oracle-EW, 3) Oracle-NJC: The oracu-
lar policies for maximizing the Nash welfare, maximizing

the egalitarian welfare, and the max-min fairness proce-
dure for NJC fairness respectively as described in Sec. 3.2.
For Oracle-SW and Oracle-EW, on each round, we max-
imize the welfare computed via the profiled performance
curves using an evolutionary algorithm. For Oracle-NJC,
we compute the demands using the profiled performance
curves

Cilantro policies: The following three policies use Cilantro’s
online learning framework as described in Sec. 3.3.

4) Cilantro-SW, 5) Cilantro-EW, 6) Cilantro-NJC: For
Cilantro-SW and Cilantro-EW, on each round, we maxi-
mize an upper confidence bound (UCB) on the welfare
computed via the UCBs on the performance curves using
an evolutionary algorithm. Since the UCBs are available
in memory analytically this can be done quickly.

Other heuristics: We implement the following methods for
maximizing the social/egalitarian welfare, or for fair sharing.
While they are not based directly off specific prior work, such
methods are common in the scheduling literature [10, 21].

7) EvoAlg-SW, 8) EvoAlg-EW: We design evolutionary
algorithms to maximize the social and egalitarian welfare.
On each allocation round, it stochastically samples one of
the past allocations so that those with higher welfare are
more likley to be sampled. It then perturbs the sampled
point slightly to obtain a new allocation.

9) Greedy-EW: This method starts by allocating an equal
amount of resources to all jobs. On each round, it evalu-
ates the utility achieved by each job during the previous
allocation round. Then it takes away one resource each
from the top half of the users who had high utility

10) Resource-Fair: This method simply allocates an equal
amount of resources to all jobs.

Baselines from prior work: To the best of our knowledge,
there are no prior methods for the above criteria, especially
when the resource-performance mappings are unknown.
Therefore, we adapt the following methods from prior work.
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Policy Social Welfare, (𝑊S) Egalitarian Welfare (𝑊E) NJC Fairness (𝐹NJC) Useful resource usage

Oracle-SW 0.939 ± 0.003 0.315 ± 0.010 0.740 ± 0.005 0.961 ± 0.002
Oracle-EW 0.825 ± 0.004 0.572 ± 0.011 0.706 ± 0.002 0.997 ± 0.000
Oracle-NJC 0.860 ± 0.002 0.482 ± 0.010 1.000 ± 0.000 0.991 ± 0.000

Cilantro-SW 0.910 ± 0.002 0.325 ± 0.011 0.739 ± 0.010 0.872 ± 0.005
Cilantro-EW 0.811 ± 0.004 0.573 ± 0.012 0.740 ± 0.010 0.886 ± 0.003
Cilantro-NJC 0.826 ± 0.002 0.492 ± 0.005 0.982 ± 0.006 * 0.954 ± 0.003
EvoAlg-SW 0.807 ± 0.004 0.209 ± 0.009 0.768 ± 0.023 0.761 ± 0.006
EvoAlg-EW 0.801 ± 0.003 0.220 ± 0.008 0.747 ± 0.028 0.777 ± 0.005

Resource-Fair 0.667 ± 0.002 0.201 ± 0.004 1.000 ± 0.000 * 0.764 ± 0.001
Greedy-EW 0.754 ± 0.005 0.287 ± 0.003 0.90735 ± 0.021 0.807 ± 0.003

Ernest 0.753 ± 0.003 0.192 ± 0.006 0.865 ± 0.012 0.752 ± 0.001
Quasar 0.833 ± 0.002 0.344 ± 0.007 0.747 ± 0.006 0.810 ± 0.003
Minerva 0.733 ± 0.030 0.246 ± 0.031 0.609 ± 0.002 0.418 ± 0.067

Table 1. The social welfare (1), egalitarian welfare (2), NJC fairness metric (3), and the effective resource usage (4) for all 13 methods. Higher
is better for all four metrics, and the maximum and minimum possible values for all metrics are 1 and 0. The values shown in bold have
achieve the highest value for the specific metric, besides the oracular policies. (*) Resource-Fair has NJC fairness 𝐹NJC = 1 by definition.
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Figure 6. An illustration of the results in Table 1 where we have compared the NJC fairness metric achieved by all policies against the
social and egalitarian welfare. Higher is better for all metrics so methods closer to the top right corner do well on balance.

db01 db02 db03 mlt1 mlt2 mlt3 mlt4 mlt5 mlt6 mlt7 db11 db12 db13 db14 db15 db16 db17 prs1 prs2 prs3
0.0

0.2

0.4

0.6

0.8

1.0

Av
er

ag
e 

Ut
ilit

y

Cilantro-SW Cilantro-EW Cilantro-NJC Resource-Fair

Figure 7. The average utility achieved by the 20 jobs across our experiment for the three online learning methods in Cilantro and
Resource-Fair. Here, db0x, mltx, db1x, and prsx refers to jobs using the DB-0, ML training, DB-1, and prediction serving workloads (Fig. 5).

Updating model get-alloc for Cilantro-SW get-alloc for Cilantro-EW get-alloc for Cilantro-NJC
0.0413 ± 0.0048 2.8823 ± 0.3155 2.1239 ± 0.0212 0.8132 ± 0.162

Table 2. Avg time taken by Cilantro to update the performance model, and for computing a new allocation for each of the three policies.
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11) Ernest [38]: Ernest uses a featurized linear model to es-
timate the time taken to run a job as a function of the
load amount of resources allocated. Equipped with this
estimate, we approximate the resource demand for a job,
i.e. the amount of resources required, to satisfy a given
target SLO for a given load. On each round, we use the
estimated demand as inputs to the max-min fairness pro-
cedure to compute allocations for all jobs.

12) Quasar [12]: Quasar uses collaborative filtering to esti-
mate the amount of resources required to achieve a given
SLO. We use this estimated deand in max-min fairness
to compute the allocation for all jobs. The authors also
describe procedures for vertical scaling and co-locating
workloads based on interference and heterogeneity. We
do not incorporate these methods in order to be con-
sistent across all methods and since our experimental
platform does not support extracting these metrics.

13) Minerva [32]: Minerva, which was proposed for video
streaming, stipulates that we set the allocation for job 𝑗

at each step to be proportional to 𝑎 𝑗/𝑢 𝑗 where 𝑎 𝑗 and 𝑢 𝑗

are the allocation and utility at the previous round. The
authors also propose several video-streaming specific
optimizations in addition to this core algorithm which
are not applicable in our setting.

4.3 Results & Discussion

Evaluation on social welfare, egalitarian welfare, NJC
fairness and resource usage: In our first experiment in
this section, we compare all baselines above on the social
welfare (1), egalitarian welfare (2), and the NJC fairness cri-
teria (2). Additionally, we also evaluate on the following the
following metric which measures the useful resource usage.

Useful resource usage =
∑︁𝑚

𝑗=1
min(𝑎 𝑗 , 𝑑 𝑗 ) (4)

Here, the “resource demand” 𝑑 𝑗 is the value of the resource
at which the utility is clipped (see Fig. 3). This measures how
much useful work is being done by the cluster.

Table 1 summarizes the results for all 13 methods on all 4
criteria above, where we have reported the average value
of the metrics from start to finish of the experiment. Fig. 7
visually illustrates these results via fairness vs welfare plots.
While the oracular methods perform best on their respective
metrics, we find that the online learning policies in Cilantro
come close to matching them. Resource-Fair achieves a per-
fect NJC score by definition, but performs poorly on all other
metrics as it is performance oblivious. Among other base-
lines, Quasar performs better than Ernest or Minerva, al-
though we should emphasize that none of these methods
were designed to optimize for these metrics. It is worth point-
ing out that Cilantro-NJC achieves an favourable trade-off

between all criteria considered here, making it an attrac-
tive option, especially in instances when the overall goals of
resource allocation cannot be explicitly stated.

To delve deeper into the various trade-offs involved with the
three paradigms, we show the individual utilities achieved
by these three policies in Fig. 7. We see that both the social
and egalitarian welfare policies result in some users being
worse off than receing their fair allocation of 1000/20 = 50
CPUs. This results in a fairness violation. In contrast, in
Cilantro-NJC, users are at most marginally worse off than
their fair share. However, for most users, they achieve a
higher utility than their fair share. Cilantro-NJC is able to
learn the resource demands of all users, and is able to achieve
a fair and efficient allocation by transferring resources from
users whose fair share is in excess of their demand to the rest.
We also see that Cilantro-EW tried maximize the egalitarian
welfare by taking resources away from those who achieve
high utility and giving it to those who do not, while Cilantro-
SW tried to maximize the social welfare by allocating more
resources to jobs that can quickly achieve high utility.

Cilantro Overheads: Table 2 evaluates the time taken for
Cilantro to process the feedback and compute the alloca-
tions for the three policies. This shows that Cilantro is fairly
light-weight. For comparison, the average time it took to
de-allocate a kubernetes pod and assign it to a different
job was on the order of 5-10s depending on the workload.
Cilantro-SW and Cilantro-EW are slightly more expensive
since finding the optimum social/egalitarian welfare requires
running an evolutionary algorithm to optimize the upper
confidence bound.

5 Discussions & Future Directions
In this project, we have designed and implemented Cilantro
for performance-aware resource allocation in clusters. Our
main ideas are: (i) cluster resource allocation policies should
be performance-aware; (ii) since user’s resource to perfor-
mance mappings are difficult and burdensom to estimate via
offline profiling, they should be done in an online fashion.We
designed Cilantro under this tenets which enables the real-
ization of several performance-aware policies, including, but
not limited to social/egalitarian welfare maximization and
NJC fair division policies. Cilantro’s policies are competitive
with oracular polices which know workload characteristics
a priori and outperforms other baselines in data center and
cloud settings. Empirically, we demonstrated that it outper-
forms other fair allocation methods.

For future work, we would like to apply Cilantro to different
tasks, such as autoscaling on the cloud (i.e., increasing the
size of the cluster by paying for additional resources) under
a performance constraint while minimizing costs. to meet
the performance goals of running applications. It is also test
Cilantro with a larger number of various resources.
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