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Abstract
Resource disaggregation can provide significant improve-
ments in the utilization of resources in the datacenter. A
Google cluster trace analysis confirms that up to 70% of
memory may be recovered with resource disaggregation.

However, resource disaggregation in the cloud is cur-
rently unfeasible due to the hardware and network changes
required by previously proposed designs. We make the ob-
servation that existing cloud offers already provide logical
heterogeneity which can be leveraged to match closely the
resources demanded by applications. Deploying a system
across a heterogeneous set of VMs can lead to higher per-
formance per dollar.

To provide support for deploying systems in logically dis-
aggregated clusters we propose a framework called Cirrus.
Cirrus composes small compute-intensive tasks (µTasks)
with large memory instances to provide the resources re-
quired by applications. Cirrus also provides an efficient in-
terface for communication between tasks through distributed
memory.

1. Introduction
Disaggregated architectures have received intense and widespread
attention by both industry (e.g, HP (7; 11), Intel (3), Huawei (2),
and Facebook (1)) and academics (4; 13; 5; 8). This archi-
tecture shift is motivated by recent advances and continued
improvement in the bandwidth and latency of networks.

However, existing proposals of physical disaggregation
attempt to achieve these benefits by leveraging custom net-
work and memory hardware solutions. For instance, HP The
Machine employs a specialized memory fabric. Similarly, a
Firebox rack makes use of high-radix optical switches to
provide low-latency communication between all resources.
This limits the adoption of disaggregation and prevents de-
velopers from reaping the benefits of resource disaggrega-
tion today.
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Figure 1: Cost per hour of an workload deployed in Amazon’s
EC2 with resource demands: {CPU: 100, RAM: 100}. We com-
pare a deployment of medium-sized m4.large instances against a
deployment of small (lambdas or t2) instances combined with high-
memory r4.large instances

Instance
Type (AWS) # CPUs # RAM $ / CPU $ / GB RAM

m4.large 2 8 GB 0.054 0.014
t2.nano 1 512 MB 0.006 0.012
lambda 1 128 MB 0.007 0.059
r4.large 2 15.25 GB 0.067 0.009

Table 1: Small compute instances (e.g., t2.nano and lambdas) have
better $ / CPU while memory instances (e.g., r4.large) have better
$ / GB of RAM

Surprisingly, we found that logical disaggregation of re-
sources, through the reservation of heterogeneous VMs, can
already provide similar benefits. We found that large-scale
workloads in the cloud are often better provisioned by a
combination of small-CPU and large-memory instances (see
Table 1). Instances with a single CPU have a lower cost-per-
CPU, while large-memory instances have a lower cost-per-
GB-of-RAM. For instance, when deploying a workload with
resources {CPU: 100, RAM: 100} in Amazon AWS, a de-
ployment based on medium-sized m4.large instances costs
$5.5/hour while a combination of small CPU instances (e.g.,
lambdas or t2) with large memory instances (e.g., r4.large)
costs $1.43/hour and $1.1/hour, respectively (see Figures 1).

In this paper we propose Cirrus, a framework that pro-
vides application-level disaggregation of resources in exist-
ing cloud environments through the use of software abstrac-
tions. Cirrus combines the use of small compute-intensive
instances (which we call µInstances) with large memory in-
stances. This approach allows better utilization of cloud re-
sources and lower cost with similar performance by leverag-
ing the heterogeneity of cloud instances.

We used Cirrus to build distributed machine learning al-
gorithms based on the distributed parameter server model
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Figure 2: Diagram of an application running with Cirrus. Cirrus al-
lows the decomposition of applications into resource-specific tasks

with stochastic gradient updates. We present preliminary re-
sults of this approach in Section 3.

2. Design and Implementation
To address the challenges of supporting logical disaggrega-
tion we propose a framework called Cirrus (see Figures 2
and 3). Cirrus provides support for deploying and connect-
ing resource-specific application tasks in the cloud. First, it
provides an interface developers can use to build tasks. De-
velopers can annotate these tasks with the type and amount
of their resource demands. These annotations are then used
to deploy the tasks into cost-efficient VMs. Lastly, Cirrus
provides an efficient software interface with caching and
prefetching on top of an optimized network layer for effi-
ciently accessing data stored in storage tasks.

Unlike CPU and GPU tasks that are programmed by
developers, memory and storage tasks are provided by Cirrus
out of the box. These tasks provide an uniform object store
(put/get) interface that can be used by applications to store
working data. The interface is highly optimized to serve
as a fast remote memory interface. On top of the put/get
interface, Cirrus provides a Cache Manager and an Iterator
interface. The Cache Manager caches objects in the local
memory of instances to avoid remote accesses. It also allows
custom eviction and prefetching policies that can be used
by developers who know the data access patterns of their
applications best.

On top of the Cache Manager, an Iterator interface allows
applications to iterate over sets of objects. This provides
good performance for typical sequential access patterns. The
iterator can also be configured with random and application-
specific iterator policies. We believe this can be useful for
applications with well known access patterns (e.g., graph
algorithms).

Cirrus is built in roughly 10K lines of C++14 code.
The object store components are designed and developed
to be a substitute for the limited amount of local memory
of µInstances, and thus are highly optimized to provide as
low overhead as possible. The object store interface supports
TCP and RDMA transports so that Cirrus can be used both
with commodity and specialized network interconnects.
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Figure 3: Cirrus provides interfaces on top of a disaggregated object
store backed by memory/disk. Through the Cache Manager objects
are cached and prefetched according to custom policies. With the
iterator interface objects can be iterated efficiently

3. Evaluation
We have evaluated Cirrus in the domain of machine learning
for two main reasons. First, a large class of distributed ma-
chine learning algorithms follow the parameter server model
with SGD updates. This model has well known access pat-
terns and is a good fit for high-performance iterator inter-
faces. Second, machine learning algorithms are resource-
rich and can waste a large amount of resources due to im-
balances between CPU/GPU/Memory.

To evaluate Cirrus, we built a resource-balanced pipeline
for an image classification convolutional neural network
workload. We built 1) memory tasks to store the training
data, 2) CPU-specific tasks to preprocess it, and 3) a GPU
task to train on it. We built our pipeline using Cirrus and
deployed in on Amazon EC2 with a p2.xlarge single-GPU
instance.

Our pipeline was able to maintain the GPU fully utilized
while scaling the CPU resources allocated to preprocessing
beyond those provided by the single-GPU instance.

4. Related Work
Storage Disaggregation Previous work (10; 12; 9) has
tackled the problem of storage disaggregation in the cloud.
This work focuses on efficient single-node storage stacks
for reducing latency and increasing throughput for accessing
remote disk drives or SSDs. With Cirrus we instead focus on
efficient memory interfaces and application disaggregation
to reduce resource waste.

Monotasks (6) proposes decoupling applications into resource-
specific software components to better understand and debug
the resource utilization and bottlenecks of applications. Cir-
rus also proposes this decoupling, but for the distinct purpose
of disaggregating and provisioning application resources.

5. Conclusion
We have presented Cirrus, a framework for building dis-
aggregated applications in the cloud. In this paper we pro-
pose leveraging the heterogeneity of cloud VM instances to
achieve better utilization for application resources.
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