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Abstract
Distributed and cloud computing services are increasingly built atop a preexisting infrastructure of
shared services. These services have separate performance characteristics and require enough resources to support each application’s service level objectives (SLOs), while preferably not wasting too
many resources from overprovisioning. This document describes an automated approach to mitigating
performance problems through reactive resource provisioning. When a problem occurs, whether it be from
a service performance change or an increase in load, we attempt to mitigate the problem in the short
term through automatic resource assignments. Our proposed approach makes use of end-to-end request
traces, resource usage measurements, and system feedback to anticipate the types of resources that are
needed and to determine services that can usefully apply them.

1
1.1

Background and motivation
System management challenges

The task of managing resources over many connected shared services with complex performance characteristics has become increasingly difficult for even the most skilled system administrators. Changes in
system performance can occur a few times a day for any number of reasons, such as from modified system
configurations, service upgrades, hardware failures, or increased loads. When performance changes occur,
shared resources need to be reallocated fast and effectively across services to relieve resource bottlenecks.
When there are only a few services and computing resources are dedicated, responding to performance
problems is fairly tractable. If the problem is a resource bottleneck, then typical shared services are designed to
scale well over many machines so many performance problems can be improved by assigning more computing
resources or better machine types. However, as the number and inter-relationships of these services grows,
determining where and what resources to apply efficiently, without costly overprovisioning, is a more difficult
problem that we wish to tackle.
Overprovisioning is often tolerated because of the difficulty of avoiding it and the importance of maintaining
steady performance. Large services such as those at Google and Amazon are expected to respond quickly to
customers, even with thousands of concurrent requests of varying types. If a service cannot respond in time to
meet its service level objectives (SLOs), there can be significant consequences (e.g., financial penalties, lost
business, and disappointed customers).
Due to its complexity, resource allocation is all too often a manual and ad-hoc activity performed by system
administrators in response to observed changes in the system. Overprovisioned services can avoid certain
performance problems, but at large costs. Statically allocated systems may operate at certain administratortuned thresholds (e.g., five memcached machines for every ten application servers), but then the composition
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Figure 1: Shared services architecture. Composite services are front-end customer facing services that are selectively
composed of component services (and other composite services) that provide answers to subqueries and may provide
other infrastructure services to access data. Dependencies occur as services are built atop others.

of requests can change in production. Even dynamically-allocated systems can rely on logical but arbitrary
heuristics that are wasteful because they do not account for the actual source of latency problems (e.g.,
add two machines to every service when request timeouts are observed). None of these approaches are
satisfactory.

1.2

Target system architecture: component and composite services

As shown in Figure 1, the complexity of services has increased with the evolution of many component services
that may be selectively used for specialized purposes (e.g., location service, ads generator). Google, for
example, has such a large and diverse set of essential platforms and services that, even back in 2007, a single
web search touched roughly 50 services and 1000s of machines [8].
Component services are building blocks for composite services that perform compound tasks typical for
large Internet services (e.g., search engine, cloud document manager). Some component services are more
specifically classified as infrastructure services, which have replaced the traditional data tier with multi-layered
shared storage services (e.g., Hadoop [3], HBase [4]). Each component service may be selectively used by a
composite service, and there are dependencies both within and across these types of services.
More formally, the system architecture includes:

c types of component services (s1 ,s2 ,...,sc )
n types of machines (m1 ,m2 ,...,mn )
q types of composite or component requests (r1 ,r2 ,...,rq ), where composite requests require sequential or
parallel responses from many different component services
Target systems should also have the characteristic that resources have a cost and that there is not an
overabundance of them. In typical environments, there can also be many requests from different sources
running concurrently.
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Figure 2: Simple search example. A simplified composite search service feeds client requests first into a spell checker
to filter the request, and then in parallel to an ads generator and a web search service. After a page generator service
receives both responses, it ranks the results and generates a response to the client.

1.3

System monitoring and end-to-end tracing

To deal with system complexity, there has been an emergence of better monitoring tools such as end-to-end
request tracing that informs system administrators of the health of the system. End-to-end request tracing
provides timing and path dependency information (e.g., latency and throughput). After some processing,
these traces are traditionally used to find sources of latency [31] or to discover structural or response-time
mutations [33]. End-to-end tracing frameworks are not ubiquitous, but are becoming more popular (e.g.,
Carnegie Mellon’s Stardust [39], Google’s Dapper [35] and Twitter’s Zipkin [9]). These infrastructures have
demonstrated that tracing data can be sampled and collected with minimal overhead (e.g., Stardust’s overhead
is less than 1% for the SpecSFS [34] benchmark running on the Ursa Minor distributed storage system).
Resource usage and performance statistics can also provide a stockpile of information to discover resource
bottlenecks. Administrators can be alerted when a particular resource threshold is exceeded (e.g., CPU
utilization above 90%), which can inform both the reasons for service delays and a good plan of response
(e.g., supply more or faster CPUs).
However, much of the analysis of this monitored data is still done ad-hoc and manually, if at all. Often this
information, if collected, is stored individually by each service or machine in separate silos of log files. More
sophisticated setups consolidate everything into a common database for offline analysis. Absent an automated
solution, system administrators are the experts that understand the system and have learned ways to make
some sense of monitoring information to fix problems as they arise. These experts will always be useful in
some capacity, but they increase the cost of ownership of a system and can be difficult to identify and retain.

1.4

Issues with uninformed allocations

Consider a complex composite search service from the viewpoint of clients that are affected only by the
content of the response and the total end-to-end latency. See Figure 2 for a simplified illustration. If the
search service is composed of separately managed component services that are necessary for it to function
(e.g., an advertising service, map service, web search service, etc.), traditionally each service independently
allocates its resources based on local information. But, how would local service times affect the big picture
from the client’s perspective? That would not be clear, since the advertising service may see its query latencies
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double from 10ms to 20ms under higher load but not understand how critical this change is to the total search
time (e.g., the ads might be served in parallel with the web search generation, which takes 200ms). So, is
it necessary after all to maintain stringent performance criteria on the ads service (e.g., must 99% of ads
requests really finish within 15ms)? This is the setting for uninformed and ad hoc resource allocation.

1.5

Our proposal

We argue for an automated approach to mitigating performance problems in shared service environments
through reactive resource provisioning. We are not predicting when a performance problem will occur, or even
diagnosing the root cause when a problem occurs. Instead, once a problem occurs, we look for mechanisms
that alleviate the problem in the short term by assigning the right types and quantities of computing resources
across many component services that can use them—a process we call right-sizing. In the longer term, if
there is a larger issue to address, experts can leverage the vast literature on problem localization to further
pinpoint and fix the underlying root cause.
The mechanisms that we describe in this proposal look to improve upon basic uninformed and manual resource
allocation by exploiting end-to-end request flows and resource usage measurements. With end-to-end request
flow tracing we can determine the actual service flow and synchronicity requirements. With resource usage
statistics we can understand more clearly the resource demands of each service enough to deduce, for
example, that the ads service would not benefit from running on a server with more CPU cores because CPU
usage is only at 50% of current capacity. And, with both sets of information, we can anticipate the types of
resources that are needed as well as the best locations to apply them.
Besides our goal of minimizing human administration, we also believe that good resource assignments can be
made without requiring prior models or detailed descriptions of service behaviors, which is important because
such information rarely exists. Our general approach does not specialize for a particular service or modify
the underlying algorithms. We can treat service internals as a black box and focus on communication across
service boundaries. Specifically, we can use end-to-end tracing data of just Remote Procedure Calls (RPCs)
to infer service dependencies and performance statistics.
The rest of this proposal is organized as follows. Section 2 explains the thesis focus and validation plan, as
well as some sample scenarios with which we plan to experiment. Section 3 describes our monitoring and
allocation strategies in more detail. Section 4 surveys related work. Section ?? concludes with a timeline of
important milestones.

2
2.1

Thesis focus and validation
Thesis statement

This thesis will demonstrate an approach to mitigating performance problems in shared services by automatically applying resources where they can be used most effectively. It is intended for a live and elastic system of
services, like backend services now common at companies like Google, Facebook, and Amazon.
Specifically, the thesis statement is:
An integrated request tracing and resource monitoring framework, combined with a right-sizing feedback mechanism, is an effective tool for automated resource assignment across shared services.
We will explore the relative fitness of a spectrum of static and dynamic strategies, where our most informed
strategy combines end-to-end tracing and resource usage monitoring into an iterative right-sizing approach.
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Monitoring data and past performance statistics instruct our approach, so that when performance problems
surface, we are better prepared to mitigate the problem. Since no reallocation plan can be guaranteed to work
with stateful and dynamic services, we also fall back on immediate system feedback to more effectively shape
and assess our response.

2.2

Assumptions, goals, and non-goals

An open system is assumed instead of a closed system, because the setting assumes many non-interactive
requests arriving concurrently into top-level services from many different users. Request rates may change
unexpectedly at any time, but we are focusing on situations where the change persists long enough that
a reaction makes sense (i.e., not very brief transient load spikes). Services are dynamic and stateful with
varying performance. There are different types of machines with various properties that can be assigned, and
allocations are made in whole machine units. We assume that a few additional spare machines are free for
immediate allocation (e.g., because they are running useful but non-critical batch jobs).
We also make a number of simplifying assumptions to assist with initial validation efforts, which we will later
relax. Initial experiments will start with constant request rates, only one type of machine, and with a focus on
services that bottleneck on the CPU.
In order to come up with a general and tractable strategy, we treat the internal workings of each service as a
black box and focus on measurable end-to-end and performance statistics. Each service can depend on many
different subservices to respond to a particular request type, and the services are stateful, so our approach
should not specialize for particular service types. We do require scalable services, or a mix of scalable and
non-scalable services where the scalability properties of each service can be assessed during the course of
experimentation and observation.
The actual mechanism for gathering end-to-end trace information is not a focus of this thesis, as we can
leverage existing systems (i.e., X-Trace [19] for end-to-end traces and Flume [2] for distributed aggregation) to
meet our needs. We will need to extend these systems to integrate resource usage monitoring information, to
scale up with our elastic workloads, and to store data into a decentralized datastore (i.e., HBase [4]). However,
we expect the novelty of this work to be in the use of this information and not the engineering efforts necessary
to gather it quickly and concisely.
We avoid complex modeling efforts that cannot be generalized, but recognize the usefulness of simple queuingbased operational laws like the Utilization Law and Little’s Law to predict response times [22]. For example, a
simple service can be specified as M /M /m/PS: request inter-arrival times and service times are exponentially
distributed, over m machines, with a processor-sharing (PS) queuing discipline. From Little’s Law, given the
service rate µ and the arrival rate λ, the average response time RT would be:

RT =

1
mµ − λ

(1)

Simple models like the one above can be used to predict the additional benefit of another machine applied to
a service. However, they are not always accurate, and are not the focus of this thesis. We plan to use any
input from queuing-based models as secondary guidance, falling back on an iterative feedback mechanism as
our primary tool.

2.3

Validation plan

Validation of the thesis will proceed as follows:
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• I will build a simplified system of mock services and workloads (Section 2.3.3) that will mimic the kinds
of inter-service connectivity patterns that are now common in enterprise-scale environments.
• The simple service environment will be instrumented with a scalable end-to-end request tracing framework that is also extended to provide resource usage statistics (Section 2.3.1).
• The instrumentation will be incorporated into a few different resource allocation strategies (Section 2.3.2
and Section 3).
• The effectiveness of these resource allocation strategies will be evaluated by introducing synthetic
performance problems into the system (Section 2.3.3).

2.3.1

Monitoring information

The end-to-end monitoring framework needs to discover request dependencies across the relevant services.
To do that, it will summarize the dependency path of the services involved for each request type (i.e., a
service summary ), as well as a breakdown of the request types that flow through each service (i.e., a request
summary ). Metrics of interest, with average and 99% quantiles, include:

• Arrival rate λ (requests per s)
• Service rate µ (requests per s)
• Service time s =

1
µ

(ms)

• Connect time c (ms)
• Response time r = c + s (ms)
• Error count (e.g., from request timeouts)
Queueing delays because of oversubscribed resources can show up in connect time measurements from
ingress to a service. Additionally, in contrast to the theoretical notion of service time that doesn’t include
queuing delays, in practice the measured service time may also include delays from resource contention or
internal locks within a service.
Resource usage monitoring includes CPU utilization, memory, and disk and network I/O. We plan to measure
these values on a per-request basis by extending X-Trace records to include more monitoring information.

2.3.2

Allocation strategies

Our feedback loop approach for assigning resources will explore a number of techniques that vary in their
knowledge of the system. None of our planned strategies rely on the internal workings of a service. The
strategies that we compare vary from static black box techniques with no end-to-end information and only
static allocations, to dynamic gray box techniques with request flow information or request usage statistics.
Roughly, from least to most informed, some possible strategies that we will explore are:

• Equal layout (static): Each service receives a fixed and equal number of computing resources.
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• Resource Proportional (static): Using just the observed average resource usage of one instance, each
service is given a fixed number of servers in proportion to its observed average resource usage for a
number of concurrent requests. We leverage related work on resource scheduling and consider the
dominant machine resource [21] when determining these proportions.
• Resource Aware: With only resource usage statistics at our disposal, services that appear bottlenecked
or have unusually high usage of a resource are assigned additional resources.
• Request Aware: With just the incoming request rates at every service, but no information about the flow
of requests across services and the particular demands of each request, we can apply machines in a
less informed manner.
• Performance Feedback: Depending on request flow statistics, a feedback loop will attempt to improve
each service based on historical performance measurements. Candidates for additional resources
are determined by comparing recent connect and service times (which include queueing delays) with
historical averages and minima on a per-request type basis. The adaptability of each service to respond
to additional resources must be learned over time.
• Performance Feedback + Resource Aware: Combining request flow measurements with resource usage
statistics should allow for the best ranking of candidates to attempt resource changes and to pick a
good mix of machines within the feedback loop.
For the static techniques, there are limited-resource and overprovisioned variants. The limited-resource variant
should have just enough resources, with a good resource assignment, to maintain SLO response times. The
overprovisioned variant will supply enough resources so that applying the same resource assignment from the
limited-resource variant will achieve 60% capacity. This number comes from studies of datacenters at large
companies [37] as well as discussions with practicing engineers [1]. Other related work [40] has considered a
similar policy for overprovisioning that targets 70% utilization when serving requests at the maximum recent
load.

2.3.3

Evaluating strategies for different services

Assessing the performance of these strategies is as much contingent on the types of services and workloads
in the system as it is on the efficacy of the automated assignments. To that end, we will need to sufficiently
categorize different types of services and workloads and how they are affected by additional resources.
Services that are not able to apply additional machines should be recognized by the automated feedback
mechanism, either through hints from a system administrator or through trial and error.
Automatic assignment and delegation of resources occurs most readily for perfectly elastic CPU-bound
services. Not only do these services scale up well with additional resources, but assigning these resources
within the service can be as easy as booting up and adding another service instance behind a load balancer.
More complicated services have stateful conditions that affect elasticity properties. For example, distributed
storage systems need to manage data movement which can be done faster and more costly if necessary,
or slower and less obtrusively as a rate-limited background task. Therefore, we will evaluate our strategies
against perfectly elastic services, perfectly inelastic services that must be recognized as such, and some
middle ground of complex stateful services that need to be satisfied with the right mix of resources.
To demonstrate our ideas, we propose an experimental setup with a few different types of core services over
10s of machines. We will build up a system of these simple but representative services:
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Figure 3: Proposed workflow for iterative right-sizing. The workflow begins with measuring the end-to-end performance characteristics and resource usage of all services. We then identify and rank component services that are in
need of resources, and select the right mix of resources for them. Resources are then applied in a feedback loop that
measures the effect of assignments on system performance.

• CPU-intensive java servlets
• In-memory database lookup (e.g., dictionary service)
• Distributed elastic storage (e.g., JackRabbit [15])
• Forwarder and aggregator services that coordinate other component service requests
A number of possible request types will travel between these services in a pre-determined manner, representing
inter-service dependencies and allowing for requests to arrive from many different sources at once, as is
typical in a shared service environment. Services will be run on Tomcat [6] servers and through standalone
java RPC services built with Thrift [5] libraries. We would also like to externally validate our approach on other
systems, but are still looking for good candidates.
There are a few types of synthetic scenarios that we plan to study. To simulate a slowdown to a service (e.g.,
caching effects), we will double the response times of a key component service. To simulate a typical large
and high load increase that can happen when an application or web page suddenly becomes popular (e.g.,
the slashdot effect), we will perform a one-time increase in the request rates of a high-level composite service
by a large amount (e.g., 10x). To simulate a new service dependency that is added by a code change, we will
change the request flow behavior so that requests start to cycle synchronously through a new service that
initially has only a few requests.
Our approach will be deemed successful under the following criteria. First, our monitoring framework should
provide performance and resource statistics that measurably localize areas of performance changes, but
need not analyze the problem source. Second, some combination of strategies should effectively react to
and mitigate performance changes in an automated way: settling within 10s of seconds on a good resource
allocation that brings the system under an externally-specified SLO threshold for latency response times. A
good resource allocation is one that not only returns a service to its SLO performance fast enough (i.e., to
improve user happiness), but also one that doesn’t waste too many shared resources in the process (i.e., to
improve system happiness). These tradeoffs between effectiveness, speed to recovery, fairness, and resource
efficiency will need to be explored.
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3

Monitoring, analysis, and allocation mechanisms

Figure 3 illustrates the high level resource allocation workflow that is invoked when a performance problem
is recognized in the system. The system is measured with end-to-end tracing and resource usage data.
From these measurements, performance analysis is done to rank the service candidates that are in need of
resources. Once a good service candidate is identified, more machines are assigned and service latencies
are measured again as part of an iterative feedback loop.
Section 2.3.2 listed several strategies that we plan to explore. The rest of this section will expand on the steps
involved in the Performance Feedback + Resource Aware strategy, which addresses the following problems:
Primary problem: After a particular composite request type undergoes a change in behavior (observed
externally to our tool), determine how many machines of each type to apply to every component service
in order to satisfy an SLO.
Secondary problem: After applying resources, check the forecast of improved performance with the actual
results on the system. Either 1) confirm success, 2) predict failure due to resource shortage or service
inelasticity, or 3) confirm partial improvement, refine forecast, and request more machines to apply.

3.1

Initiating the right-sizing loop

The first steps of the workflow are to detect a performance problem and to initiate the right-sizing loop.

3.1.1

Detecting performance problems

A simple detector can recognize when an SLO violation has occurred or is close to occurring. A typical
invocation might occur when a composite service violates its SLO because requests are delayed on the
critical path by a downstream component service running at full capacity. There are also more advanced early
warning detection schemes that can predict violations based on other symptoms. Or perhaps the detection is
made by a system administrator who specifies that “there is a problem with service type S starting at time T,”
and we would want to apply our right-sizing feedback loop to restore S to its performance before T.
Our work is orthogonal to whatever problem detection approach is utilized. We aren’t innovating or advocating
any particular approach, but we just need a reason to initiate our right-sizing loop with the aim of improving a
particular service type in a problem state, and a way of determining how much improvement is necessary until
performance is restored (e.g., within a 200ms SLO threshold).

3.1.2

Inputs to the right-sizing tool

We require the following pieces of information as inputs:

Mi : The number of machine instances assigned to service si , as a vector of each machine instance type m j ,
for all i and j
Mavail : The number of machine instances that are available for reallocation, as a vector of each instance type
avg
RTSLO
(t): The largest acceptable average response time of a type t request in this system that meets the

service level objective
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99th
(t): The largest acceptable 99th-percentile response time of a type t request in the system that meets
RTSLO

the service level objective

3.2

Measuring and analyzing the system

Measuring the system involves three primary tasks: discovering the performance dependencies and paths of
requests between services, measuring important performance statistics (e.g., response times), and measuring
resource usage statistics (e.g., CPU utilization). Because services can handle many different types of requests
with varying behaviors, it is necessary to differentiate between request types to produce more accurate
statistics. We rely on end-to-end traces, extended to include additional resource usage measurements, as our
primary tool for achieving all of these tasks.
Using the measurements, service performance statistics are analyzed by comparing average and 99%
response times to historical (weighted) averages. We also associate performance statistics with historical
allocations of resources.

3.2.1

Reconstructing request flows

In typical large clusters with shared services, each service generates a set of requests with dependencies on
other services. Any one service may generate different classes of requests, but the general path structure of
each class is fixed with some probability. For example, a valid read request will always either hit in the cache
with some probability or else initiate a disk read at a storage service node.
End-to-end tracing is an existing technique to track the dependencies and paths between different components
of a distributed system. This is in contrast to traditional log files that only measure local information pertaining
to a specific service, or general tracing mechanisms that store lots of unstructured information from different
components without causal relationships. End-to-end traces designate a number of trace points throughout
the system and store activity records with request names, the current time, and other contextual information
like request types. During runtime, the tracing mechanism assigns a unique ID to each request and tracks the
movement of requests across service boundaries. By stitching together activity records, one can reconstruct
the full path of each request across service boundaries, the time that each request spent within a service, and
the path of generated subrequests.
Many systems have been instrumented with different end-to-end tracing infrastructures and have demonstrated
their effectiveness with minimal impact on the running workloads [14, 19, 38, 39]. We specifically plan to use
X-Trace [19], a popular tracing library that requires very little tracing infrastructure to handle different services.
In order to get full cluster-wide information, at the gateway of incoming and outgoing requests at each service,
X-Trace library calls can link the generation of new RPC calls to the parent request. We have extended X-Trace
to use Flume [2] as an aggregator that feeds into an HBase table store.

3.2.2

Appending resource usage

We plan to append resource usage statistics directly to the request flow traces, instead of storing it through a
separate monitoring infrastructure. This has the benefit of tying resource usage to particular requests instead
of just general machine-wide measurements. The downside of this approach is that it adds extra steps to
retrieve resource usage from the tracepoints. During periods of low activity, it can be more efficient in terms of
the amount of records kept, but during periods of high activity many different tracepoints providing the same
resource measurement (e.g., 100% CPU usage) may be redundant.

10

3.2.3

Comparing performance statistics

Full end-to-end performance statistics provide a good deal of help in localizing performance changes to
particular services. Without this information, if we had to consider each service separately, like a strawman
example for a multi-tiered service in related work [42], then we might find ourselves applying changes in
cascading fashion in many different areas before the actual bottleneck is improved (if at all).
With end-to-end tracing, we can pinpoint where response time changes happen by comparing per-request
type per-service performance over time. Even when the resource allocation workflow is not explicitly running,
the performance of requests are still being traced. We can group these request traces into separate time
intervals (e.g., 5s) to help control for transient performance spikes and irregularities.

3.2.4

Gauging elasticity

It is important to recognize the limitations of services that cannot respond as well to specific resources.
Historical information will show how well a service adapted to new resources in the past (e.g., with faster or
more stable response times) and how long it took for changes to take effect. Care must be taken to control for
changes in load that could have had more of an effect than any resource changes. Services that have shown
less elasticity in the past will be weighted accordingly when ranking candidate services for more resources. As
a further optimization, hints from system administrators, such as marking specific services as unparallelizable,
can be useful to more quickly improve the quality of resource assignments. However, even without these hints,
our system should discover this information automatically through trial resource assignments as part of the
feedback loop.
One important measurement that we store is a reaction time statistic based on historical changes of allocations
made to each service, and the time it took to recognize an actual difference in request latencies. As long as
the request flows are not naturally very bursty or irregular, then changes caused by performance problems or
different resource allocations should become apparent, if they helped at all.

3.3

Ranking service candidates

The process of ranking services is meant to identify those services that have the largest slowdown effect on
composite service requests and also to have the greatest opportunity to make use of additional resources to
improve their performance.

3.3.1

Analyzing slowdown in the critical path

In order to find those services that are most responsible for the slowdown of this particular composite request
type, we analyze the average end-to-end request traces and sum up the time spent connecting to and being
processed by each component service. Component services that consume a relatively greater amount of time
on a composite service’s critical path offer particularly good opportunities for performance improvements.
Considering some of the subtle communication patterns of synchronous and parallel operations is an important
part of this task. For example, in the simplified search example of Figure 2, if the client response is stalled on a
response from parallel queries to the ads generation service and the web search service, with the web search
service taking the most time, then improving web search to be as fast as the Ads service will be beneficial, but
improving it to be faster than the ads service will have no additional effect on the client.
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3.3.2

Predicting improvement opportunities

Next, we apply weighting factors that modify the initial ranking based on our prediction of the opportunity for
each service to see the greatest potential improvement with additional resources. The following factors affect
these weights:

• The service’s elasticity properties, as measured by the reaction time statistic. Large reaction times
correspond to inelastic services.
• How closely current performance matches historical min, average, and max values, and especially
factoring in recent changes in response times. A large increase in short-term response time that hovers
near a max historical response time value suggests a big problem.
• A rough assessment of the service’s current queuing delay. For example, there could be an opportunity
for a 2x performance improvement if the current response time, which includes queueing delays and
connect time, is twice as long as the service time. We can also make use here of simple queuing theory
models like Little’s Law [22].
• Preference for services with fewer machines already allocated, not for fairness, but because the expected
effect of adding another machine is greater.
Historical ranges need to be used carefully. On the one hand, they give a picture of the best and worst case
performance of a service. On the other hand, a service’s response time characteristics can change when
the service is modified (e.g., a new binary version is pushed through that slows down all requests with more
processing). Therefore, historical ranges need to favor recent measurements.

3.4

Selecting resources

Right-sizing involves adjusting both the quality and the quantity of computing resources. The quality of
resources may be adjusted by assigning better computing instances (e.g., faster CPU, more memory). The
quantity of resources may be adjusted by revoking or assigning different quantities of each instance type.
Some services are not parallelizable; therefore, request latencies can only be improved with better instance
types. Other services may be bottlenecked on a particular resource, so providing it more of the wrong resource
will not be helpful.
When resource usage is being monitored, we have an opportunity to select more precisely from heterogeneous
resources to give a service more of the resource that it is bottlenecked on. Otherwise, only through trial and
error can we determine if a service responds well to a particularly fast or large resource.

3.5

Assigning resources

Machines are provisioned between many services, and a central cluster scheduler is assumed to be responsible
for managing services and accounting for resource usage. The cluster scheduler offers a mechanism for
changing resource allocations but does not force its own policies (such as an equal sharing layout). For our
purposes, this scheduler exposes methods for assigning different bundles of resources at course resource
granularity (e.g., 4 CPUs and 12GB RAM), but assigns those resources without topology awareness (i.e.,
not explicitly from machine X or rack Y ). While more powerful cluster schedulers exist, such as planned for
Google’s next generation scheduler [45], this simpler allocation model is commonly used by cloud services
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such as Amazon’s Elastic Compute Cloud (EC2) [11]. Amazon simplifies the possible types of virtual machine
allocations even more into small or large CPU- or memory-rich bundles, which is a simplification that we also
adopt for our experiments.
We make specific use of the Open Cirrus research testbed for our experiments, which has 78 nodes running
KVM [7] coupled with the Tashi and Zoni services for managing virtual machine instances and physical
machine allocations [26]. Each physical machine has 2x quad-core 2.66 GHz CPUs, 16 GB RAM, and 2x 1
TB SATA drives, networked with 1 Gbps Ethernet.
In order to assign cluster resources, we distribute a variable number of pre-configured bundles of resources.
Better granularity within a single machine to account for different compositions of resources would be useful,
but is ignored for now as a simplification. We focus on four instance types, with specific values assigned to
match the hardware capabilities that are available to us on the Open Cirrus testbed.
1. Fast-CPU Large Instance: 4x 2.66 GHz CPUs, 12 GB RAM.
2. Fast-CPU Small Instance: 2x 2.66 GHz CPUs, 4 GB RAM.
3. Slow-CPU Large Instance: 4x 2 GHz CPUs, 12 GB RAM.
4. Slow-CPU Small Instance: 2x 2 GHz CPUs, 4 GB RAM.
Each physical node on our Open Cirrus testbed can either host one large instance or two small instances.
As a practical matter, four CPUs remain unallocated on each physical server because spare CPU cycles
are required to process network headers for each virtual server. Since all the CPUs on this cluster are the
same speed, we need to explicitly frequency scale CPUs for the slower CPU instances to create a more
heterogeneous environment.

3.6

Feedback loop and termination

An iterative feedback loop is used to determine the actual effectiveness of the applied changes to resource
allocations, repeating the previous steps after a small period of time that allows for the changes to take effect.
This length of time varies depending on the elasticity properties of the service that was modified, and this is
where we make use of the reaction time statistics that were previously measured.
Once the composite service has returned to an acceptable operating region (meeting its SLO), then the
feedback loop is terminated. If the composite service does not improve, then it must be pinpointed to a
particular component service that is not improving – or perhaps it does improve but not sufficiently, and the
amount of available machines have been exhausted. In this case, the particular component service will be
flagged as the culprit for a system administrator to address. It is possible in this last case that our feedback
loop could explore targetted revocation of resources from one service and reallocation to another.

4

Related Work

Related work that provides building blocks essential to our approach (e.g., end-to-end tracing) has been
discussed in the flow of the document. There has also been work that addresses similar problems, or that
uses similar techniques, which is described in this section.
Finding sources of latency delays: Our approach does not attempt to explain latency changes, only to
pinpoint the component services that could most benefit from more resources in addressing a composite
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service SLO issue. A few related projects have looked at using historical data in similar large systems of
services to discover the sources of errors or latency delays in an offline manner, as opposed to our online
feedback approach. Latency errors are hard to find because it can be difficult to determine which RPC requests
are fully parallel or otherwise dependent on each other and require synchronization. Google’s approach uses
historical Dapper [35] end-to-end tracing and a nearest-neighbor estimator to find clusters of request flows
that are similar, and perform a very large search on each type of flow to modify the frequency and timings of
requests to try and explain observed changes in behavior [31, 30]. LinkedIn’s approach does not have timing
information for each request, but does pass along a common request identifier to find dependencies [25]. They
then use sensor measurements at each component service to find patterns of changes during an (externallyprovided) anomalous time period, solving an optimization problem to find the most similar sensor readings.
The advantage of this latter approach is that correlations can be found where two services were collocated and
interfered with each other but otherwise did not query each other as part of a request flow. However, the former
approach, which is closer to our setup, has access to per-request timing and dependency/happens-before
information that can reveal latency problems.
End-to-end tracing data has previously been applied to what-if performance questions [39], but only as specific
user-based queries to predict workload behavior in particular settings, not as an automated approach to
managing service performance. End-to-end tracing combined with monitored attributes has also been used to
predict and explain the latencies of services [27], but their approach is prone to imprecision (i.e., false positives
and false negatives) and has been formulated as an optimization problem with a worst case exponential
running time as the number of features grows (shown in practice to be about 2 minutes with 100 binary features
but for some methods almost 3 hours with 400 features).
Feedback control for resource allocation: Feedback control loops [20] have been used to improve performance in self-managing systems, for actions such as throttling backup services or modifying available
thread pools across Apache Servers [16]. For automatic online sizing of resource partitions on a shared
server, control loops can help adjust the amount of allocated CPU utilization and the mean response of
different services when they are built to recognize various operating regions and static resource saturation
scenarios [44, 32]. SCADS [40] focuses on online control of high quantile latency response times using
model-predictive control (MPC), reevaluating the current system state after each change in order to recompute
the next target state. Related control theory projects use throttling and admission control [23, 24, 10]. Much of
this work requires computing transfer functions and linear regression models that fit historical data in services
that are either predictable (e.g., serving static web content) or specific (e.g., storage systems). Malkowski
et. al [29] looked at empirical multi-model techniques to measure a live stream of CPU utilization and SLO
performance data within a control loop. However, they depend on the reproducibility of historical configurations
to be able to sustain certain throughput levels. It should be interesting to explore how effective feedback
control loops are for our environment of more complex stateful services with dynamic content and a changing
set of performance dependencies.
Queuing theory models for guiding allocation: Other tailored approaches to understand performance
effects in specific systems make use of analytical queueing-theory based models of web services, which also
tend to specialize for particular systems. Slothouber [36] provided one of the earliest open-system analytical
performance models for web servers transferring files over the network. This study verified how response
time increases suddenly for even small load increases when the server is already near its capacity, and that
multiple simultaneous connections make this problem worse. Doyle et. al [17] explicitly model a single-tier
web server for CPU, memory, and disk bandwidth. More projects add different queueing models [28].
One project in particular by Urgaonkar et. al [41, 42] studied reactive provisioning for multi-tier architectures
using analytical and control theory models. They predict response times for particular resource assignments
using queueing-based models and online measurements, and they predict request arrival rates with control
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theory by considering past peak demand as well as reacting to inaccurate predictions that differ by more than
a threshold level from actual measurements. The queueing-based models require a number of assumptions
in the workload distribution (e.g., Poisson), the scheduling mechanism (e.g., processor sharing), and in the
constant directional flow of all requests. Moreover, they require model parameters to be either specified or
estimated for particular combinations of workloads and services, without providing a general mechanism for
obtaining these parameters.
Avoiding SLO violations: The problem of meeting SLOs has also been studied specifically for data-intensive
map-reduce style systems, where a delay in the results of a single phase in a series of batch jobs will also
delay later phases in the job pipeline that depend on that data. Batch jobs can effectively use more computing
resources to grow and effectively spread work across many machines. Jockey [18] monitors and predicts the
remaining runtime of jobs, simulates the effect of adding additional resources, and dynamically responds to
slower jobs to avoid SLO violations. ARIA [43] is a similar project that uses analytical equations instead of
simulation to predict the effects of more resources in the control loop. Mantri [12] also works to achieve more
predictable completion times by monitoring the progress of jobs and restarting or duplicating slower tasks with
network-aware placement. Scarlett [13] proactively prevents delayed jobs by learning content access patterns
and making better replication and placement decisions to avoid contention hotspots.
Other projects use resource usage statistics (without end-to-end traces) in virtual servers to inform migration
strategies that can allieviate hotspots and avoid SLO violations. Sandpiper [46] showed the benefits of using
OS- and application-level statistics to decide when and where to migrate overloaded VMs. The 1000 Islands
project [47] also limited interference from services that oversubscribed the same bottleneck resources by
dynamically adjusting resource allocations on each physical server. Both of these cases focus on workload
interference rather than downstream request delays. The former project predicts workload requirements based
on historical values, but requires threshold tuning of hotspot detection and migration parameters, while the
latter assumes perfect knowledge of workload requirements.
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