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Abstract—Network Function Virtualization (NFV) allows operators to deploy network functions in virtual machines (VMs)
and benefit from on-demand deployment. VMs are placed on
one of the hosts in the cloud, and existing resource management
algorithms assume full knowledge of the system’s state. For
large clusters, attaining the system’s state creates bottlenecks
and therefore it takes a long time to deploy network functionalities. Intuitively, placement can be accelerated if the resource
management algorithm operates on a cached system state which
is not entirely up to date, but the placement quality may suffer.
Our work introduces a new cache refresh method that achieves
an up to a 5.3x reduction in placement time with only a slight
degradation of quality compared to having the complete and up
to date system’s state.
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(a) A standard placement algorithm. Upon each request, the algorithm gathers
the current state of all resources (which takes time) and then performs a
calculation resulting in a placement decision.

I. I NTRODUCTION
Network Function Visualization (NFV) is a raising paradigm
that promises flexible and scalable network services on cloud
infrastructure. Specifically, NFV is about running network
functionalities such as firewall, deep packet inspection, load
balancing and monitoring in a virtual manner rather than with
dedicated middle-boxes [10], [25].
Ideally, the use of NFV allows the operator to deploy
functionalities as needed, scale up their capacity to match
the current traffic load and even to migrate services from
one data center to another. In practice, there are multiple
bottlenecks that need to be addressed. For example, [13]
optimizes the virtual switching overheads of service chains.
Similarly, ClickOS optimizes the time and memory required
to create a VM achieving 30 microseconds [15]. Using a
container instead of a VM further reduces these overheads,
with Kubernetes as the most famous example.
However, to deploy a network service we also need to select
a physical host to accommodate the VM. VM placement is
often studied as an optimization problem where heuristics are
used to optimize various performance aspects such as power
consumption [27], [4], virtual switching overheads [13], [19],
fault tolerance [14] and resource utilization [17], [21], [31].
Placement algorithms are designed with the common assumption of knowing the complete system’s state. In a gist,
such algorithms first receive the current state and then perform
some calculation on that state according to their unique
heuristics and goals. In practice, attaining the state of all
available resources is a time-intensive operation which means
performance bottlenecks regardless of the placement algorithm
used. Indeed, attaining the system’s state was reported as a
performance bottleneck in both OpenStack [5] and in Kubernetes [11]. For large clouds, OpenStack is reported to take
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(b) When using a state cache, a snapshot of the state is maintained close to
the algorithm. Speedup is achieved as no external resources are needed to
reach a placement decision. However, it is unclear how such approach affects
the decision’s quality.

Fig. 1: An overview of the scenario considered by this paper.
between several hundred microseconds to a few seconds to
reach a single placement decision [5], while the vast majority
of that time is spent on attaining a fresh snapshot of the
system’s state. In NFV context, adaptive mechanisms may be
too slow to respond to emerging traffic conditions such as a
flash crowd or an attack. This may have a noticeable impact
on the perceived service quality.
The OpenStack community recognized this problem and
suggested state caching as a method to speed up placement
decisions. This technique is illustrated in Figure 1. As can
be observed, the lengthy periodic update is done in the background and the placement algorithm utilizes the last known
state. This technique was reported to yield faster decisions [5],
but its impact on the decision’s quality was never studied.
A. Our Contributions
We evaluate the impact of caching the system’s state on existing algorithms under real workloads. Our evaluation shows

that properly configuring the cache refresh interval is crucial
for maintaining the placement quality. We identify cases that
require low and high cache refresh intervals. This motivates
dynamically adapting the refresh interval.
We then introduce Adaptive Scheduler Cache (ASC) that
uses state cache but dynamically adjusts the refresh interval to
the current workload characteristics. Specifically, ASC offers
the performance benefit of using a cache along with the
placement quality of having a fresh state.
We evaluate ASC along with multiple well-known placement algorithms. We show that the capability to utilize a state
cache differs from one algorithm to the next. Yet, in many
cases, the placement algorithm achieves similar results when
deployed with ASC and with a fresh system state.
Finally, we implement ASC in OpenStack and evaluate it
in these settings and show that it achieves up to x5.3 speedup
compared to OpenStack’s default scheduler. In addition, we
show that ASC attains a similar placement quality as the
default scheduler despite the latter using a fresh system state.
Paper outline: The rest of this paper is organized as
follows: Section II explains the concept and modeling of state
caching in placement algorithms and provides background on
OpenStack. Section III studies the impact of state caching
on placement algorithms, and shows that the desired refresh
interval differs from one workload to the next as well as
for different stages throughout the workload. Motivated by
this understanding, Section IV presents ASC, a cache refresh
algorithm that dynamically sets the cache refresh interval.
Section V evaluates ASC in OpenStack environment and
shows that it provides the benefits of a cached scheduler with
only a minor degradation of quality. Section VII surveys related work and we conclude with a discussion in Section VIII.
II. P RELIMINARIES
This section begins with formally modeling resource management and state caches. Then, we briefly survey OpenStack
and explain its scheduling process and how state caching
effects this process.
A. Modeling Cache Schedulers
We first define the model discussed in this work. We
consider the set of resources R. Each resource is a compute
node which has multidimensional parameters such as memory,
CPU, or disk space. Each resource ri ∈ R is, therefore, a
vector and each coordinate correspond to its current amount
of resources in each dimension.
A placement request vk is a vector of demand for each
resource. If a placement request vk is placed on resource ri
then the placement is successful if for every coordinate ri > vk
and fails otherwise. Upon a successful placement, we update
ri = ri − vk to mark the now occupied resources. We model
the arrival rate of placement requests as a Poisson process
where at each step a request appears with probability λa .
Additionally, each successful placement request has a certain time to live. That is, after a certain period the resources
claimed by the request are released and we update ri = ri +vk .

We model this as a Poisson process with a probability of λd
to drop a request at each step. That is, the average lifetime of
a request is: L = λ−1
d . We use the Poisson process to model
situations where the need for the service is temporary. For
example, a scale-up performed to address peak demand may
no longer be required at a later time.
The cache contains a snapshot of R and is updated once per
τ seconds. Specifically, when τ = 1, then the cache is updated
once per second. Alternatively, when τ = 10 it is only updated
once per 10 seconds. Note that, the actual number of requests
within these periods varies according to the workload.
We assume that the user has some Service Level Agreement
(SLA) with the cloud provider. That is, the provider assures
that the portion of rejected requests is at most thdecline . We
assume that the system satisfies the SLA when operating with
the minimal refresh interval (τ = 1).
Table I summarizes notations used in this work.
TABLE I: Notations
Set of total available resources

R

Resources of server i

ri

Resources required by request k

vk

Probability to create request (per time unit)

λa

Probability to terminate request (per time unit)

λd

Average life time of request

L = λ−1
d

Cache refresh interval [Seconds]

τ

Maximum allowed portion of declined requests

thdecline

B. OpenStack Background
OpenStack is an open source cloud management platform
that manages compute, storage and networking resources.
Since its inception in 2010, the project has been growing
popularity [28] and is a widely used open source cloud
management platform.
In OpenStack, Compute resources are managed by a project
called Nova. Nova is also responsible for the entire process
between a placement request and a deployed VM. This includes creating the VM, attaining the system’s state, making
a placement decision, and deploying the VM on the selected
host.
Placement decisions are at the heart of Nova, and its
scheduler is composed of three stages: a State stage, a Filter
stage and a Weight stage as illustrated in Figure 2. In the
State stage, the scheduler obtains a snapshot of the resource
available in all hosts. This state includes free CPUs, as well as
free memory and disk space. In the Filter stage, the scheduler
goes over all of the available hosts and outputs only the hosts
that have enough resources to accommodate the requested VM.
In the Weighting stage, it grades all filtered hosts and then
selects the highest graded one to accommodate the new VM.
This enables users to customize the scheduler to their needs.
Nova offers multiple scheduling algorithms that differ from
each other in their State stage. Specifically, Filter scheduler
computes a fresh snapshot for each request, while Caching
scheduler, maintains a periodically updated cached snapshot.

When there are many hosts, the Filter scheduler’s throughput plummets as each placement request requires fetching
the updated state from every host in the cloud. Attaining a
fresh state was shown to be the bottleneck [5] and our work
reinforces this claim. Moreover, a similar problem was also
observed in Kubernates [11].
This bottleneck motivated the creation of the Caching
scheduler, that operates considerably faster but uses a cached
system state. However, this work is the first to evaluate the
impact of this approach on placement quality.

required hosts. OpenStack uses this heuristic as an optional
method to facilitate energy saving.
The fourth algorithm, Adaptive [17], combines FirstFit [6]
and BUP strategies as follows: it fills in the hosts using BUP
as long as the hosts are below a certain threshold. Once the
threshold is crossed it switches to FirstFit. That is, it starts by
using all hosts in an equal manner, but when it gets close to
the limits it tries to fit requests to the leftover space. Finally,
we evaluate the Random heuristic, that randomly chooses a
host that has sufficient resources to accommodate the request.
Our evaluation compares different refresh intervals to two
extremes, Always where the cache is refreshed prior to accommodating each placement request, and Never where the
cache is never refreshed. Note that the common complete state
knowledge assumption is modeled as ’Always’.
B. Datasets

Fig. 2: An illustration of Nova scheduler. The scheduling
happens in three stages. In the State stage, the system state
is acquired. Next, in the filter stage, hosts that lack the
resources to accommodate the request are removed. Finally, in
the Weighting stage, a user-defined weighting scheme is used
to prioritize the hosts. In this example, Host 5 is selected.

III. T HE EFFECT OF CACHE ON PLACEMENT ALGORITHMS
This section evaluates the impact of a state cache on
various placement algorithms that were originally designed
with a complete system state in mind [17], [8]. The evaluated
algorithms are heuristics for the following problem: given
placement requests, with demand in each dimension (CPU,
memory, bandwidth, disk, etc.), and given physical hosts capacities, place as many VMs as possible. We evaluate multiple
(fixed) refresh intervals in real placement traces.
A. Evaluated Algorithms
We now list the evaluated algorithms and provide some
brief description of their operation. The algorithm DistFromDiag [17] is based on the geometry of host and placement
request resources. The goal of DistFromDiag is to balance the
resource consumption in the host according to its proportions.
For example, if a host has 100GB disk and 10GB RAM, it
attempts to keep the utilized ratio of disk and RAM at 10:1.
The second heuristic is Balanced Utilization Placement
(BUP) [8]. BUP is a multidimensional version of Worst
Fit [6] strategy and takes into consideration the exact amount
of available resources in the hosts. It tries to maximize the
remaining amount of resources by placing a new request in the
least loaded host. BUP is the default algorithm in OpenStack.
The third algorithm is FirstFit [6] that accommodates a
request in the most loaded host that has sufficient resource.
The reason for this approach is to minimize the number of

We use three datasets collected from various real systems.
For each dataset, we approximate the minimal number of
hosts to accommodate all requests. This problem is NP-hard
and therefore we use the approximation suggested by [17].
Briefly, we run each placement algorithm and let it “allocate”
new hosts when it fails to accommodate a request. We repeat
this process multiple times, with a randomly selected order of
requests. The approximation is the minimal number of hosts
attained by an algorithm for any request order.
The first dataset (NFV) is taken from an NFV management and orchestration (MANO) system, which contains
placement requests taken from a large proprietary NFV system. The placement requests are for VMs of different sizes
(flavors) and all hosts are of identical size. In this dataset,
hosts and placement requests are characterized by a tuple of
< memory, storage >. The host size is normalized to
< 1, 1 >, and VM flavors are normalized to that size. Table II,
shows a breakdown of the number of VMs by memory and
storage. We replicated the requests in Table II 10 times (total
of 4370 requests) and randomly ordered them. In this case,
279 hosts are required to accommodate all the 4370 requests.
TABLE II: Normalized breakdown of requests for VM image
by memory and storage, obtained from proprietary NFV
dataset.
Mem. \Storage

0.01

0.04

0.1

0.3

0.54

Total

0.001
0.016
0.032
0.064
0.19

14
7
83
1
0

22
93
165
1
2

14
0
0
1
0

3
2
14
0
0

13
0
0
0
2

66
102
262
3
4

Total

105

283

15

19

15

437

The second dataset is taken from Google cluster management data [18]. It represents data collected for 12, 477 machines, each characterized by a tuple of < CP U, memory >.
For the purposes of our evaluation, we assumed that these
are characteristics of VMs that should be placed on hosts. As

summarized by [12], the normalized CPU values vary between
0.25, 0.5, and 1, while the memory values can be grouped
around five levels: 0.125, 0.25, 0.5, 0.75, and 1. Half the
hosts are of size < 1, 2 > and the other half are of size
< 2, 1 > [17]. Table III gives the breakdown of the number
of VMs of different sizes. In this case, 5995 hosts are needed
to accommodate all the requests.
TABLE III: Breakdown of the number of placement request
by CPU and memory, obtained from the Google dataset.
Mem. \CPU

0.25

0.5

1.0

Total

0.125
0.25
0.5
0.75
1.0

0
123
0
0
0

60
3,835
6,672
992
4

0
0
3
0
788

60
3,958
6,675
992
792

Total

123

11,563

791

12,477

Finally, we considered a randomly generated dataset based
on data from Amazon EC2 hosts and VM flavors [16], [17].
The normalized values of all the possible < CP U, memory >
requests are taken from [17] and are shown in Table IV. Each
column in the table represents one possible tuple. The requests
were generated randomly, such that there were 1000 small
placement requests and 100 large ones (total of 1100 requests).
We considered a request as ’small’ if the requested CPU value
was lower than 0.4. In this dataset, 126 hosts are sufficient to
accommodate all the requests.

(a) NFV dataset.

(b) Google dataset.

C. Experiments
Our first experiment considers the classic placement scenario where we attempt to accommodate as many requests
as possible. The requests have an infinite lifetime, i.e., once
a request is accommodated its resources remain occupied
for the entire experiment. For each dataset, we used our
approximation for the minimal number of hosts required to
accommodate all requests as mentioned in the description of
each dataset. We chose to start with this evaluation scenario as
it is commonly considered by previous works [17], [8], [13].
For simplicity, we play one request per second.
Our results are illustrated in Figure 3. As expected, the
best performance is with fresh data (’Always’) for all datasets.
Yet, even with fresh data, the algorithms cannot place all the
requests. This is due to the greedy nature of these algorithms
which is sensitive to the order of the requests. Therefore,
state caching is natural, as placement algorithms already trade
quality for speed by using greedy heuristics rather than solving
an NP-hard problem. Thus, we can justify some minor quality
degradation to gain further speedup through caching.
The quality degradation is influenced by multiple factors.
For example, it is apparent that FirstFit algorithm is extremely sensitive to the refresh interval. The reason for this is
that FirstFit accommodates requests in the most loaded host.
When the cache is not refreshed often enough, the algorithm
continuously places requests in an already exhausted host.

(c) Amazon dataset.

Fig. 3: Percentage of declined requests for different placement
algorithms and cache refresh intervals applied to NFV, Google
and Amazon datasets.
On the other hand, the nature of the dataset can also affect
the placement quality. Specifically, for all but the FirstFit
algorithm, the decline ratio for a 40 seconds interval in
the Amazon dataset (Figure 3c), is similar to the decline
ratio in the Google dataset (Figure 3b) for a 1000 seconds
interval. The different scales for each dataset were chosen
to show the gradual degradation of quality. The variation in
the shown points, further emphasizes the dependence of the
refresh interval on the specific dataset.
Moreover, some algorithms are more suitable for state
caching than others. For example, Random degrades in performance less than other algorithms for the same refresh
interval. Therefore, when using Random we can justify longer
refresh intervals. Observe that for the NFV dataset, when the
cache is updated every 100 second, Random discards 12.5%
while DistFromDiag discards 38% of the placement requests.

TABLE IV: Breakdown of placement request sizes by CPU and memory, obtained from Amazon EC2 dataset.
CPU
Mem.

0.354
0.062

0.142
0.031

0.07
0.016

0.035
0.008

0.333
0.125

0.167
0.063

0.083
0.031

Therefore, we cannot determine the required refresh interval
without knowing which placement algorithm is used.
What may look surprising is that for all datasets it is better
to never refresh the cache than to refresh it infrequently. That
is when the algorithms are given no state at all, they perform
better than when given a very stale state. Interestingly, in
that case, they see all hosts as empty and thus break the
symmetry between them at random. This case is different from
the Random heuristic as the Random heuristic only considers
hosts that can accommodate the request. On the other hand, a
stale state shows less symmetry between the hosts and thus a
smaller subset of hosts is repeatedly selected. For example,
let’s consider BUP that selects the least loaded hosts. At
the extreme, it may try and place all the requests until the
next cache refresh to the same host because it is slightly less
loaded than the rest. In that case, the host quickly runs out
of resources before the cache is updated. This results in a
large portion of declined requests. Therefore, we deduce that
in some cases, stale state information can be worse than having
no information at all.
We conclude that the effectiveness of state caching depends
on the refresh interval, the dataset, and the specific cache algorithm used. Moreover, state caching should be done carefully
as in some cases it degrades performance so much that a blind
assignment of requests to hosts becomes a better strategy.
Therefore, a single fixed size interval cannot be the solution,
and we suggest adapting the interval to the circumstances.
IV. A DAPTIVE S CHEDULING C ACHE (ASC)
This section presents Adaptive Scheduling Cache (ASC)
an algorithm for adapting the cache refresh interval to the
workload. Intuitively, ASC attempts to ensure that the decline
ratio is always kept below a certain threshold. To do that it
monitors the requests issued during the last refresh interval
(τ ) and calculates their decline ratio. ASC conservatively
increases τ when the decline ratio is considerably lower than
the threshold and aggressively reduces τ when it is above the
threshold. This approach is inspired by TCP that increases the
sender’s window gradually, but aggressively reduces it upon
a packet loss. Initially, we experimented with other heuristics
such as an additive increase to the threshold and a simple step
function for the refresh interval. We progress with ASC as it
showed superior performance in the initial evaluation.
The pseudo-code for ASC is given in Figure 4. The algorithm accepts as the predefined thresholds thdecline and
thlow which are used to dynamically adapt the state refresh
interval. Specifically, when the decline ratio over the last τ
seconds is higher than thdecline the interval is reduced and
when it is lower than thlow it is increased. It also accepts an
initial refresh rate, defined by startRate parameter. We used
τ = 60 as the initial value. The parameters minInterval

0.2
0.016

0.1
0.008

0.4
0.031

0.8
0.063

0.833
0.25

1
0.25

0.5
0.125

0.5
0.5

and maxInterval determine the minimum and maximum
allowed refresh intervals. Their default values are 1 and ∞
respectively. These intervals are best used according to the
system’s limitations. E.g., if it takes 5 seconds to perform a
cache refresh then the minimal interval should be 5.
Finally, the values speedU pStep and slowDownStep determine how the interval is changed. Specifically, τ is multiplied by these parameters once per interval if the conditions are
met. We used slowDownStep = 1.1 and speedU pStep = 0.5
to make sure that the response for exceeding thdecline is
aggressive. Alternatively, when the decline ratio is less than
thlow , we slowly increase the refresh interval to make sure
that it remains within the SLA (lower than thdecline ).
V. ASC E VALUATION
This section describes our ASC evaluation. We start by
showing how it affects the placement algorithms evaluated in
Section III. Then, in Section VI we describe our implementation and evaluation of ASC within the OpenStack framework.
That evaluation is focused on the existing placement algorithms within OpenStack and their interaction with ASC.
A. ASC Influence on Placement Algorithms
We begin by comparing Random, BUP, FirstFit, DistFromDiag and Adaptive placement algorithms [17], [8] in three
different states. First, we evaluate them with complete state
information as intended by their authors. Next, we evaluate
them with two state caching options: with our own ASC
algorithm that dynamically adapts the cache refresh interval
and with a fixed interval.
Placement requests arrive in a Poisson process and remain
alive for a certain period of time that is determined by another
Poisson process. Thus the system’s state changes as the cache
is unaware of some of the recently placed/dropped VMs.
Such a scenario emulates the state in a cloud where VMs
are deployed dynamically and may be removed at any time
according to customers’ needs. The intent of our experiment
is to keep the hosts relatively highly utilized as is expected of
a successful cloud system.
Figure 5 shows the results for this experiment, where we
set thdecline and thlow to their default values (5% and 3%
respectively). Figure 5a compares ASC to the complete state
situation and it is clearly evident that having a complete state
is always better than using a cache. Yet, in some algorithms
(e.g. Random) the degradation in quality is low. In contrast,
DistFromDiag is the most unpredictable and may suffer a
high degradation of quality. The work of [17] showed that
all heuristics attain similar quality when they are fed with a
complete state, and our evaluation reveals that algorithms are
considerably better than when fed with a cached state.

1: function ASC(thdecline , thlow , startRate, maxInterval, minInterval, speedU pStep, slowDownStep)
2:
τ ← startRate
◃ Initial refresh rate
3:
ratio ← 0
◃ The decline ratio for the analyzed window of requests
4:
while True do
5:
sleep(τ )
◃ Sleep for τ time units
6:
placed ← number of successfully placed requests during τ
7:
declined ← number of declined requests during τ
8:
ratio ← declined ÷ (declined + placed)
9:
if ratio > thdecline then
◃ Percentage of declined requests is over the SLA
10:
τ ← max(minInterval, τ × speedU pStep)
◃ Decrease refresh rate up to a predefined minimum
11:
else if ratio < thlow then
◃ Percentage of declined requests is very low, sample less frequently
12:
τ ← min(maxInterval, τ × slowDownStep)
◃ Increase refresh rate up to a predefined minimum
13:
end if
14:
end while
15: end function

Fig. 4: A pseudo-code of ASC.

(a) Complete state compared to ASC.

high-end HP ProLiant BL460c Gen9 server with two Intel(R)
Xeon(R) CPU E5-2680v4, where each processor has 28 cores
(56 cores total) running at 2.4 GHz; with total RAM of 256GB.
Our deployment runs the concrete scheduler implementation
and the remote hosts are emulated with the OpenStack’s
Benchmarking for Scheduling project [1]. That is, OpenStack’s
state is maintained as usual, but the remote hosts only perform bookkeeping and do not actually run the VMs. From
the scheduler’s perspective, this deployment is completely
realistic. That is, the same scheduler code is run in our
benchmark and in an actual deployment. We used the NFV
dataset that is composed of real VM placement requests. The
dataset is summarized in Table II. Moreover, we compared
Nova’s Filter scheduler and Nova Caching scheduler which
with their default parameters as included in the Nova project
and compared them to our own ASC scheduler.

A. OpenStack Throughput Evaluation
Figure 6 evaluates the throughput of ASC compared to Nova
Caching and Filter schedulers when requests are taken from
(b) Fixed 24 second interval compared to ASC with the same average interval.
the NFV dataset. In this experiment, we first deploy the system
Fig. 5: Evaluating the placement quality of ASC compared with a varying number of hosts (compute nodes) and then
to no state caching and a fixed refresh interval. Positive means issue 200 placement requests in a batch. These requests are
that the alternative is better, negative means that ASC is better. processed by OpenStack partly in parallel until they reach
the (single) scheduler. We measure OpenStack’s throughput
On these datasets, the average refresh interval of ASC is
in decisions per second. Note that Nova’s Filter scheduler is
24 seconds. In Figure 5b, we compare ASC to a fixed refresh
the default scheduler and that Nova’s Caching scheduler is an
interval of 24 seconds. This evaluation emphasizes the need
optional scheduler with a fixed cache refresh interval having
for dynamically adapting the refresh interval as in all but a
a default value of 60 seconds.
single data point ASC achieves a better quality than the fixed
As can be observed, the Filter scheduler degrades in througinterval despite having the same number of cache refreshes on
average. This implies that the required refresh interval varies hput as the number of nodes increases. At the extreme, for
throughout the workload and that we achieve concrete benefit 1000 nodes, it degraded from over 4 requests per second to
from dynamically adapting it to the current conditions rather only 0.75 requests per second. This is a similar observation to
than statically configuring it to the workload. In comparison, the one made by [5]. In contrast, the throughput of ASC and
the default refresh interval for Nova’s Caching scheduler is 60 the Caching scheduler is very similar. Both algorithms are less
affected by the number of hosts. ASC is up to x5.3 faster than
seconds which underperformed in the tested scenario.
the Filter scheduler. This emphasizes throughput improvement
VI. O PEN S TACK I MPLEMENTATION E VALUATION
that can be attained from state caching in OpenStack. We
We now evaluate ASC in OpenStack environment. For this conclude that ASC achieves a similar throughput compared
evaluation we installed OpenStack (Mitaka release) [2] on a to the Caching scheduler.

TABLE VI: Declined requests ratio in the OpenStack environment for ASC and the existing OpenStack schedulers.
Scheduler
Nova Filter
Nova Caching
ASC

Declined Requests Ratio
28 hosts 56 hosts 84 hosts
2.5%
11%
3%

1.7%
7.3%
2.8%

0.8%
7.8%
2.5%

Fig. 6: Effect of the number of hosts on the throughput (in
decisions per seconds) for different schedulers.
B. OpenStack Placement Quality Evaluation
Our second experiment exemplifies the operation of ASC
over time. We used a deployment of varying number of hosts.
We replicated the NFV dataset 10 times and randomly ordered
the requests. We then adjusted the average lifetime so that a
growing number of hosts would remain nearly full for the
entire experiment. We modeled the placement requests as a
Poisson arrival process with half a second as the basic time
unit and λa = 0.5. That is, a new VM is placed once per
second on average. The complete experiment configuration is
summarized in Table V.
TABLE V: Parameters used for the results in Table VI
.

Number of available hosts
Number of requests
Time unit
Avg life time of request (in secs)
Probability to create request
Probability to terminate request
Declined requests thresholds

h
#reqs
tu
L
λa
λd
thlow
thdecline

28, 56, 84
4370
0.5
437, 874, 1311
0.5
λd = 1/L ∗ tu
0.03
0.05

Table VI summarizes the decline ratio in the different
settings on three deployments 28, 56 and 84 hosts. As can
be observed, quality can improve with the number of hosts
and as expected the Filter scheduler attains the highest quality
and declines only 0.8 − 2.5% of the requests. ASC declines
2.5 − 3% of the requests and thus it is close in quality to the
Filter scheduler. Last is the Caching scheduler that declines
7.8 − 11% of the requests. Clearly, its default refresh interval
is too long for this experiment. It is also interesting to notice,
that although the relative load on hosts remains the same,
placement quality improves with the number of hosts. A large
cluster is more likely to find a host that can accommodate a
VM even if the majority of hosts cannot.
Our third experiment is a faster and larger version of
the previous experiment. That is, we increased the rate of
placement requests to on average 1.5 per second and evaluated

Fig. 7: Percentage of declined requests for different schedulers
and a large number of hosts.
a number of hosts ranging from 100 to 600. The experiment
uses up to 48k placement requests in each data point. Note
that the Filter scheduler is too slow to handle over 600 hosts.
Figure 7 shows the result of this more demanding evaluation. As illustrated, ASC follows the quality of the Filter
scheduler closely until 400 nodes, then in 600 the Filter
scheduler is too slow to cope with the placement requests
and thus ASC actually performs better. It is also interesting to
observe that the decline ratio climbs with the number of hosts,
the reason for that is the stress placed on the system and the
occasional times within the trace where the queue of placement
requests overflows and drops some of the requests. Thus, we
conclude that ASC achieves a similar quality compared to
the Filter scheduler. ASC is also considerably faster than the
Filter scheduler and can cope with higher request arrival rates.
Therefore, when the request arrival rate is high enough the
quality of ASC is better than that of the Filter scheduler.
C. Under the hood of ASC
Next, we provide some insight into how ASC operates.
To do so, we monitor its window size and the decline ratio
across a full experiment. Specifically, Figure 8, demonstrates
its internal behavior in the 28 hosts experiment. The solid
line illustrates the requests decline ratio while the variation
in cache refresh interval is shown via a dashed line. As can
be observed, ASC starts with a large interval of 60 seconds
but it quickly observes that the decline ratio is higher than
thdecline . Therefore, it drastically reduces the refresh interval.
Initially, the hosts are relatively empty and ASC can attain low
decline ratios with long refresh intervals. As the hosts become
crowded it shortens the interval to keep the decline ratio

Fig. 8: Percentage of declined requests (solid line) and ASC’s
cache refresh interval (dashed line) on the NFV dataset.
within the SLA. Finally, once all requests are placed, there
are no declined requests in each interval, and ASC gradually
increases the refresh interval. This saves resources when the
system is idle. Note that the decline ratio shown by the solid
line is the total ratio measured over all of the requests so far,
while ASC examines requests issued within the last τ seconds.
VII. R ELATED W ORK
VM placement within clouds is an extensively studied
research field [14], [27], [4], [30], [17], [9], [31], [21]. Various
algorithms differ from each other in their objectives. For
example [4] attempts to place VMs in as few servers as
possible. This potentially enables the cloud provider to save
power. Additionally, OpenStack also offers a placement policy
with the same goal. Other optimization goals include migration
overheads [4], fault tolerance [14], NFV switching [13], [19]
and the resource utilization [17]. Finally, the impact of network
bandwidth on VM placement is studied in [9], [31], [21].
The works of [17], [8] evaluates placement algorithms
designed to optimize the effective capacity of hosts. That is,
to maximize the number of placement requests that can be
accommodated by the hosts. An assumption which is almost
universal among placement algorithms is the need to know the
system’s state prior to the placement decision. The algorithms
in [17], [8] are an example of this assumption. Therefore,
our work investigates the effects state caching has on the
performance of such algorithms.
Generally, cloud systems [2], [23] offer a wide array of
services such as network, storage, monitoring, visualization,
orchestration and VM placement. Specifically for VM placement, OpenStack [2] suggests a scheduler called Filter scheduler that can be customized by the user. Given a placement
request, the Filter scheduler fetches the up to date system’s
state and then filters out the hosts that lack the resources
to satisfy the request. Finally, user-defined filter weights are
applied to break the symmetry between capable hosts.
An extensive evaluation of open source cloud management
systems is found in [26]. Their work concludes that OpenStack
is competitive compared to the alternatives. This motivated

our work to choose OpenStack as our evaluation target. Additionally, Our work is orthogonal to works that suggest new
placement algorithms to be deployed within OpenStack [7].
Omega [20] is Google’s scheduler for large clusters. Omega
suggests various kinds of schedulers and Nova’s current
schedulers are based on Omega. Google’s concern is with
the throughput of the scheduler and in Omega they suggest
parallelism with complex synchronization between schedulers
as a mean to extend throughput. Our work accelerates the
single scheduler which is complimentary to Omega.
Some machine learning techniques for adaptive placement
have been studied in the past by [3], [24], [29]. Such methods
are also orthogonal to our approach. Specifically, ASC can
also be used when the placement decision is done using
these techniques. An extensive survey of autonomous resource
management is found in [22]. The survey leads us to the
conclusion that our work is the first to study the impact of
state caching on the quality of placement algorithms.
VIII. C ONCLUSIONS AND F UTURE W ORK
Much of the NFV promise lies in the capability to rapidly
deploy network functions and exploit existing cloud infrastructure. However, in the current technology, this remains
unachieved for large clouds. Specifically, in order to run a
virtual network function, one needs to create the functionality
in a VM or container and also accommodate it on one of
the hosts. While the creation of process can be done rapidly,
existing placement algorithms assume knowledge of the exact
state and attaining a fresh snapshot of the system’s state is a
timely operation in a large cloud. Therefore, regardless of the
specific placement algorithm, the time to deploy NFV services
is dominated by the decision process.
Placement speed in large clusters is a known concern for
the industry [20] as well as for the open source community for
the last few years. Specifically, the work of [5] showed that
OpenStack’s default scheduler does not scale to large clusters
and that the reason for this slowness is obtaining a fresh
snapshot for each VM placement. This process is common
among management systems and indeed similar problems were
also observed in Kubernetes [11]. Caching the system’s state
and running placement algorithms on a cached state was
suggested as an effective method to accelerate performance.
However, the impact of such an approach on quality remained unclear. Our work began with studying the effect of
using a state cache on the placement quality of a variety
of previously suggested algorithms. Our study showed that
quality degrades when the cache refresh interval is too long.
However, there is a range where the impact on quality is
minimal. Yet, the desired range is algorithm and workload
dependent which motivates dynamic refresh intervals.
We presented ASC, an adaptive method that adjusts the cache refresh interval based on the circumstances. To do so, ASC
receives an SLA from the user defining the maximum allowed
portion of declined placement requests. It then shortens the
refresh interval when the portion of declined requests exceeds
the SLA. Similarly, if the portion of declined requests is very

small, ASC increases the refresh interval. We evaluated ASC
when deployed with five different placement algorithms and
used three real request datasets.
Our evaluation showed that ASC generally achieves a similar quality to the vanilla algorithms and that some algorithms
are more suitable to state caching than others. We believe that
cache friendliness is a new trait of placement algorithms that
should guide the design of future heuristics.
Finally, we implemented ASC in OpenStack and evaluated
it compared to the Filter and Caching schedulers. We used a
real NFV workload and showed that the Caching scheduler and
ASC achieve very similar throughput and that the default Filter
scheduler is considerably slower. When compared to the Filter
scheduler, ASC achieves a speedup of up to 5.3x with only
a minor degradation in placement quality. When compared to
the Caching scheduler, ASC achieves better placement quality
and operates at a similar speed. ASC combines both speed
and quality and exposes an attractive point in the scheduler
design space. It constitutes an important step toward realizing
the NFV vision in clouds and we believe that it is a strong
candidate for inclusion in future OpenStack releases. Moreover, ASC is also relevant to the general cloud community and
can be implemented in other systems as well.
We observe that even after our improvements, the time
required to deploy a network functionality is typically dominated by the placement algorithm. The reason for that is that
placement algorithms perform a calculation which digests the
entire system state. Thus, in the future, we plan to develop
algorithms that only requires a partial system state.
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