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Abstract. Contemporary distributed applications must often simultaneously
satisfy low-latency requirements and high computational demand in order to
deliver high Quality of Experience to end users. The edge–cloud continuum
has emerged as a promising infrastructure paradigm to address these require-
ments by combining proximity to users at the edge with the abundant com-
puting resources of the cloud. However, despite this infrastructural potential,
service-level mechanisms capable of jointly exploiting network and computing
resources remain limited, as these dimensions are often managed independently.
To address this gap, the concept of self-distributing systems (SDS) has been
proposed, enabling applications originally designed for local execution to au-
tonomously spread themselves across distributed infrastructures at runtime. By
dynamically relocating and replicating components, SDS facilitate the simulta-
neous exploitation of low-latency edge resources and high-performance cloud
resources. Nevertheless, the practical integration of SDS with modern deploy-
ment and orchestration environments is still unexplored. This paper presents
SDS SWARM, an architecture that integrates the SDS paradigm with Docker
and Docker Swarm for real-world edge and cloud infrastructures. We evaluate
the architecture using a CPU-intensive service to assess its adaptive capabili-
ties. Experimental results demonstrate improved adaptability across heteroge-
neous environments, validating the feasibility and benefits of combining self-
distributing systems with modern edge–cloud technologies.

1. Introduction
Modern distributed systems must often be mobile and flexible in their deployment to
fully exploit edge–cloud infrastructures [Bittencourt et al. 2025, Bittencourt et al. 2018]
and deliver applications that maintain a high Quality of Experience (QoE) for end
users [Gama et al. 2024, Gao and Wen 2021]. Applications can be placed close to users at
the edge to reduce network latency or scaled in the cloud through the creation of multiple
replicas, thereby improving responsiveness and overall throughput.
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This need for deployment flexibility has driven industry standards toward state-
less and highly componentized software architectures, such as Function-as-a-Service
(FaaS) [Calavaro et al. 2025] and microservice-based architectures [Fu et al. 2022].
These architectural styles facilitate service placement across the computing continuum
and enable the exploitation of platform-level features, including automatic scaling, rolling
updates and rapid service redeployment.

However, despite these advantages, most non-trivial applications inevitably re-
quire state. A common strategy is to externalize and isolate state in databases,
allowing services to remain stateless while depending on an external data source.
While effective, this approach restricts service mobility and introduces new chal-
lenges in latency and scalability, particularly in edge environments. These limitations
have motivated research areas such as stateful FaaS [Pfandzelter and Bermbach 2023]
and Self-distributing Systems (SDS) [Rodrigues-Filho et al. 2023, Rappa et al. 2024,
Rodrigues-Filho and Porter 2022].

SDS is based on constructing systems from small, highly reusable software com-
ponents that can be composed to form complex applications. These components may
be relocated or replicated across a distributed infrastructure to improve system perfor-
mance and adapt to changing execution conditions. Since some of these components
may be stateful, the SDS paradigm provides autonomous mechanisms for state manage-
ment while distributing its components across the infrastructure. Although SDS has been
explored in the literature as a potential programming model for the computing contin-
uum [Rodrigues-Filho et al. 2023], it has not yet been thoroughly evaluated in real-world,
large-scale edge–cloud infrastructures.

This paper focuses on extending and evaluating the SDS concept in practical com-
puting continuum platforms, spanning from edge devices to cloud computing resources.
To this end, we employ Docker1, Docker Swarm2, and Tailscale3 to provide a homoge-
neous execution environment in which SDS services can be deployed and managed across
heterogeneous infrastructures. A CPU-intensive benchmarking application spanning edge
devices and cloud resources hosted on Google Cloud was developed to demonstrate the
feasibility of SDS in a real-world computing continuum. The application serves as a case
study to evaluate the behavior and performance of SDS applications in realistic deploy-
ment scenarios. We make our implementation publicly available4 to support the repro-
ducibility of our results.

The remainder of this paper is organized as follows. Section 2 surveys related
work. Section 3 describes the SDS SWARM architecture. Section 4 presents the experi-
mental scenarios and discusses the results. Finally, Section 5 concludes the paper.

2. Related Work

This section surveys relevant related work by first revisiting the definition of SDS and
prior research in this domain. It then reviews alternative programming paradigms for the

1https://www.docker.com/
2https://docs.docker.com/engine/swarm/
3https://tailscale.com/
4https://github.com/avilamatheus/self_distributing_systems/
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computing continuum, including Function-as-a-Service (FaaS), microservices, and state-
ful FaaS. Finally, it discusses the limitations of existing SDS implementations that hinder
their deployment and full exploration in real-world edge–cloud continuum infrastructures.

Self-Distributing Systems (SDS), as defined in [Rodrigues-Filho et al. 2023,
Rodrigues-Filho and Porter 2022, Costa et al. 2025], have been proposed as a program-
ming and execution paradigm for applications deployed across the edge–cloud com-
puting continuum, aiming to autonomously adapt their distribution at runtime in re-
sponse to changing conditions. Foundational work formalizes SDS through component-
based models in which application components can be dynamically relocated, replicated,
or sharded based on observed metrics and learned decisions. In this context, intelli-
gent placement mechanisms driven by machine learning or reinforcement learning play
a central role in determining suitable distributed configurations. Frameworks such as
Hatch [Rodrigues-Filho and Porter 2022] further abstract distribution complexity by pro-
viding transparent communication layers that enable runtime component mobility while
preserving application semantics, demonstrating the feasibility of SDS as a general ap-
proach for the dynamic computing continuum.

Parallel to SDS research, Function-as-a-Service (FaaS) [Calavaro et al. 2025] and
microservice-based architectures [Fu et al. 2022] have emerged as dominant program-
ming paradigms for the computing continuum in the industry, largely due to their stateless
nature which facilitates deployment. Recent efforts have extended these paradigms with
support for stateful execution [Pfandzelter and Bermbach 2023, Cicconetti et al. 2021,
Barcelona-Pons et al. 2019, Sreekanti et al. 2020], typically by coupling serverless func-
tions or microservices with external storage systems or embedded caches to reduce access
latency. While effective in many scenarios, these approaches often rely on generic state
management strategies that treat state as a uniform abstraction, regardless of application-
specific access patterns or consistency requirements. As a result, such solutions follow a
“single-solution-fits-all” model that may lead to suboptimal performance or unnecessary
overhead in scenarios where state behavior is tightly coupled with application logic or
distribution dynamics, an aspect more explicitly addressed in SDS through fine-grained,
adaptive state placement, and management.

Despite their conceptual advances, existing SDS implementations have primarily
focused on learning strategies, system models, and runtime decision mechanisms, with
limited attention to the deployment technologies required to operate across real com-
puting continuum infrastructures. As a result, these solutions have not fully leveraged
continuum-oriented technologies that enable homogeneous platforms spanning edge de-
vices and cloud resources. In particular, aspects such as seamless connectivity across
nodes without public addressing and lightweight orchestration suitable for both edge and
cloud have remained underexplored. The absence of practical deployment abstractions
hinders the realization of SDS in realistic environments, where simplified networking
and orchestration mechanisms can significantly ease edge deployment and enable flexible
component distribution across the continuum.

3. SDS SWARM Architecture

SDS SWARM integrates the Self-Distributing Systems (SDS) paradigm with container
orchestrators, allowing an SDS application to programmatically place and redistribute
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its components across the edge–cloud continuum. The approach integrates four layers:
(i) secure connectivity across heterogeneous nodes, (ii) cluster-wide service management
(placement, replication, and updates), (iii) a control-plane API that exposes orchestration
primitives to the application, and (iv) the SDS application itself, executed as containers
and capable of requesting its own redistribution at runtime. The architecture overview is
shown in Fig. 1.

3.1. Design goals and rationale

SDS SWARM is driven by three design goals. First, practical deployability: edge nodes
are frequently behind NAT and do not provide stable public addressing, so the infras-
tructure must form a cluster without requiring inbound port exposure or complex net-
work setup. Second, lightweight orchestration: the continuum nodes can be resource-
constrained (especially the edge nodes), therefore the orchestration layer should be sim-
ple to operate while still supporting multi-node scheduling, service discovery, and elastic
scaling. Third, application-facing control: the application must be able to request run-
time reconfiguration, so we expose placement and scaling through a stable API rather than
manual CLI actions.

3.2. Architecture overview

Figure 1. SDS SWARM layered architecture overview. The system is structured
as nested layers: Application and Control reside within the Orchestration
layer, which is encapsulated by the Connectivity layer.

Connectivity layer (Tailscale VPN). Edge nodes commonly lack public, fixed IP
addresses, which prevents straightforward cluster formation. As illustrated in Figure 2, a
direct edge-cloud connection may fail when the edge node has no public IP. SDS SWARM
uses a device-oriented VPN, namely, Tailscale, to provide a private, location-transparent
network that unifies geographically distributed nodes (edge and cloud) as if they were on
the same LAN, reducing the need for manual port exposure and enabling secure inter-node
communication.

Orchestration layer (Docker Swarm + overlay network). On top of the VPN,
the infrastructure is organized as a Docker Swarm cluster. Swarm provides a low op-
erational footprint while supporting multi-node scheduling, service management, and an
overlay network that enables transparent container-to-container communication across
hosts (Figure 3).
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Figure 2. Tailscale private-IP overlay connectivity between edge and cloud nodes.

Figure 3. SDS deployed across edge and cloud nodes within a Docker Swarm
cluster over a Tailscale overlay.

Control layer (container-manager API). The orchestration interface is exposed
via container-manager, a Java/Spring Boot API that mediates between SDS appli-
cation logic and Docker Swarm. It provides endpoints to declaratively request component
instantiation and scaling in specific continuum locations (e.g., “edge”, “cloud”), abstract-
ing service creation and placement constraints behind HTTP calls.

Application layer (SDS). The SDS application is packaged as Docker containers
and can programmatically request the deployment and scaling of its components across
any location in the Swarm cluster via the control-plane API. After the cluster converges
to the desired placement, a proxy component relies on Swarm’s internal DNS (overlay
network) to discover the remote components and dispatches RPC-over-HTTP calls to
them.

3.3. Deployment model and placement

To enforce continuum locality, each Swarm node is labeled with its physical/logical lo-
cation (e.g., edge1, fog1, cloud1). The control API translates an application request
into Swarm placement constraints based on these labels, ensuring containers are sched-
uled in the intended region.

All services communicate via an attachable overlay network (e.g.,
sds network), allowing containers to address each other by logical names re-
solved by Swarm’s internal DNS, independently of the host they run on. This is critical
for SDS scenarios, where the set of active workers changes over time and the application
must avoid hard-coded endpoints.
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3.4. Control API and runtime reconfiguration

The container-manager API runs on the Swarm manager node, since the manager
enforces global cluster state and scheduling rules. Internally, it uses the docker-java
library to manipulate Swarm services programmatically, replacing direct CLI usage with
a stable code-level abstraction.

Two endpoints are central:

• POST /docker/start-containers: receives a JSON plan describing (i) a
logical container name, (ii) the command to run, and (iii) a list of {location,
numberOfContainers} deployments. The API creates/updates Swarm ser-
vices using placement constraints derived from node labels.

• GET /docker/list-containers/{name}: returns logical identifiers of
active instances whose names match the provided value, enabling the application
to discover remote workers through the cluster namespace (without explicit IPs or
ports).

Desired-state semantics. To support dynamic adaptation, the API follows a desired-
state model. Given a new plan, it reconciles current services with the requested speci-
fication: scaling up/down replicas and (when needed) creating/removing services so that
the resulting deployment matches the latest plan. This avoids incremental, error-prone
imperative sequences and keeps reconfiguration logic explicit and auditable at the API
boundary.

3.5. Service discovery and invocation

SDS SWARM uses Swarm’s internal DNS for service discovery. After requesting a distri-
bution plan, the application queries /docker/list-containers/{name} to obtain
the active instance’s identifiers (or logical targets), and the proxy forwards RPC-over-
HTTP requests to those targets. Because the overlay network provides uniform reachabil-
ity, the proxy does not depend on host IPs, and workers can move across nodes as long as
they remain attached to the overlay network.

3.6. End-to-end interaction flow

At runtime, SDS SWARM follows a simple orchestration loop:

1. The SDS application determines (according to its execution logic) the desired dis-
tribution and builds a JSON distribution plan.

2. The plan is sent to container-manager via POST
/docker/start-containers.

3. The API materializes the plan as Swarm services using placement constraints ac-
cording to node location labels.

4. The application queries GET /docker/list-containers/{name} to ob-
tain the identifiers of active remote instances.

5. The application proxy forwards RPC-over-HTTP calls to these identifiers; name
resolution and routing are handled by the Swarm overlay network and internal
DNS.

6. Work is distributed across edge and cloud resources according to the current plan.
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Figure 4. Runtime orchestration flow between the SDS application, the control-
plane API, and the Swarm cluster.

4. Evaluation

This section evaluates the practical behavior of SDS SWARM under controlled experi-
ments. We focus on how distribution and parallelism across the edge–fog–cloud con-
tinuum affect the end-to-end response time of a CPU-bound workload, and whether the
architecture can be reconfigured at runtime to migrate computation across the platform.

We use a reference Self-Distributing System (SDS) implemented in the Dana pro-
gramming language 5. The application exposes an HTTP API with two operations: (i)
POST, which inserts integers into a list, and (ii) GET, which returns the current list and
computes how many elements are prime numbers. The computation is intentionally CPU-
intensive (deterministic trial division up to

√
n), making it suitable to highlight the impact

of parallel execution and network latency.

The application is structured around a List component, which encapsulates both
the state and the computation: it stores the inserted integers and, upon a GET request,
performs the prime-number counting over the current collection.

The reference application supports two execution modes. In local mode, all com-
ponents execute within a single process on the same host, resulting in centralized exe-
cution without parallelism. In distributed mode, the local List is replaced by a proxy
component, which preserves the same behavior but delegates operations to a set of re-
mote workers. Each worker is instantiated as an independent remote-dist process
(container) that hosts its own List instance. Conceptually, remote-dist represents a
replicated execution unit that maintains a partition of the data: POST requests are routed
so that inserted values are spread across workers, and GET triggers the prime counting
on each partition. The proxy then aggregates partial results to produce the final response,
enabling multiple prime-counting tasks to execute concurrently.

4.1. Experimental Setup

The infrastructure comprised three nodes (viz., edge, fog, and cloud) interconnected
through a private Tailscale VPN and organized as a single Docker Swarm cluster, with
the edge node acting as the Swarm manager. The nodes were configured as follows: (i)

5https://www.projectdana.com/
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Edge: Intel Core i5-7200U (2 Cores, 4 Threads), 6 GiB RAM; (ii) Fog: AMD Ryzen 5
4600G (6 Cores, 12 Threads), 32 GiB RAM; (iii) Cloud: Google Cloud Compute Engine
(region southamerica-east1), N1 series, 32 vCPUs and 32 GiB RAM.

To ensure comparability across experiments, the SDS application container and
the container-manager API remained on the edge node in all scenarios. The only
variable was the location and number of remote-dist worker processes instantiated
by SDS SWARM. All required Docker images were preloaded on each node to avoid mea-
surement interference from image downloads.

4.2. Workload and Measurement
Each run follows the same procedure. First, a POST request populates the list with a
fixed number of integers. Then, a GET request triggers the prime-number counting. Our
primary metric is the GET response time (ms), measured by an external Python script
executed on the edge node. The script interacts with the system exclusively through HTTP
and is not part of the SDS SWARM architecture.

4.3. Scenarios
We evaluated five scenarios:

1. Scenario 1 – Local mode (baseline). All components execute in a single process
on the edge node.

2. Scenario 2 – Distribution on the edge. The workload is distributed across 4
remote-dist containers on the edge node, isolating the effect of parallelism
with minimal network latency.

3. Scenario 3 – Distribution on the fog. The workload is distributed across 8
remote-dist containers on the fog node, combining increased compute ca-
pacity with low-latency communication.

4. Scenario 4 – Distribution on the cloud. The workload is distributed across 16
remote-dist containers on the cloud node, exploring high compute capacity
with high latency.

5. Scenario 5 – Dynamic execution. The run starts in local mode and is reconfigured
at runtime to migrate the workload across different distribution topologies (edge,
fog, and cloud), illustrating the adaptive behavior enabled by SDS SWARM.

4.4. Results
4.4.1. Scenario 1 – Local mode (baseline)

The first scenario evaluates local execution, which serves as the baseline for all subse-
quent comparisons. In this mode, the entire application runs fully centralized on the edge
node as a single process, with no distribution and no parallelism (Figure 5).

Figure 5 shows that the GET response time increases rapidly as the list grows.
With 40 items, the request takes approximately 2000 ms. When the workload doubles
to 80 items, the response time rises to about 8000 ms, roughly a fourfold increase for
only twice the input size. Near 100 items, the response time exceeds 12000 ms (12 s),
indicating a steep degradation in responsiveness.

This behavior is expected for a CPU-bound prime-number verification workload.
As the list size increases, more primality checks must be executed sequentially, and the
lack of parallelism makes the edge node the dominant bottleneck.
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Figure 5. Local execution baseline: GET response time as a function of list size
(single process on the edge node).

4.4.2. Scenario 2 – Distribution on the edge

Figure 6 evaluates the first optimization level: distributing the workload within the edge
node itself. In this configuration, the application runs in distributed mode and delegates
the prime-number computation to four remote-dist worker processes executing in
parallel on the same device.

Figure 6. Scenario 2 (edge distribution): GET response time vs. list size compar-
ing local execution (single process) against distributed execution on the
edge with 4 remote-dist containers.

The results show a substantial performance improvement. The edge-distributed
curve grows much more slowly than the local baseline. For a workload of 100 items, local
execution takes more than 12 s, whereas the distributed execution on the edge completes in
approximately 2.3 s, reducing execution time by a factor of more than five. This confirms
that parallelization is effective even on a resource-constrained edge node.
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An important detail is that the edge-distributed series only appears from 5 items
onward in our measurements. This is consistent with the reference application’s distribu-
tion logic, which requires the list to contain at least one item per instantiated worker; with
4 containers, very small list sizes do not provide enough work to distribute meaningfully.
For low workloads (below roughly 7 items), both modes achieve similar response times,
which is expected due to the fixed overhead of coordinating multiple workers. Beyond
this point, the distributed mode becomes consistently faster and the gap widens as the list
size increases.

4.4.3. Scenario 3 – Distribution on the fog

Figure 7 evaluates the offloading of the workload from the edge to the fog node. Com-
pared to the edge device, the fog node provides substantially higher compute capacity,
which allowed us to double the number of remote-dist worker instances (from 4 to
8).

Figure 7. Scenario 3 (fog distribution): GET response time vs. list size compar-
ing local execution, edge distribution (4 remote-dist containers), and fog
distribution (8 remote-dist containers).

The results show another marked performance improvement. The fog curve
(green) is significantly flatter than the edge-distributed curve (orange), indicating bet-
ter scalability as the list grows. With 100 items, the fog completes the GET request in
under 800 ms, roughly three times faster than the edge distribution, which requires about
2300 ms for the same workload.

A relevant detail is the behavior under very small workloads. For list sizes below
approximately 10 items, the fog can be slightly slower than the edge. This is explained by
network overhead: even with low latency, remote calls between the edge and fog nodes
introduce additional delay. When the workload is small, this communication cost can
outweigh the benefits of a faster CPU and increased parallelism. As soon as the input
size becomes moderately larger, the fog node compensates for this initial overhead and
remains consistently faster thereafter.
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4.4.4. Scenario 4 – Distribution on the cloud

Figure 8 evaluates offloading the workload to the cloud node. Due to the substantially
higher compute capacity available in the cloud environment, we increased the level of
parallelism once more, instantiating 16 remote-dist worker containers, the highest
number among all scenarios.

Figure 8. Scenario 4 (cloud distribution): GET response time vs. list size com-
paring local execution, edge distribution (4 containers), fog distribution (8
containers), and cloud distribution (16 containers).

Looking at the overall behavior for larger workloads, the cloud configuration is the
most scalable. The cloud curve (red) grows more slowly and steadily than the fog (green)
and edge (orange) curves, indicating better performance as the list size increases. In
contrast, the edge distribution degrades sharply as the workload grows, and the fog curve
starts to exhibit a steeper slope at higher list sizes, suggesting that it becomes increasingly
compute-bound.

Note that the local-execution baseline (blue) is not shown beyond 100 items. Data
collection was intentionally stopped at that point because response time had already ex-
ceeded 12 s, making local execution impractical for larger workloads. Extending the
baseline further would also compress the plot scale and hinder the visual comparison
between distributed scenarios.

However, the initial portion of the plot highlights the direct impact of cloud la-
tency. For relatively small list sizes (below approximately 50 items), the cloud exhibits
the worst performance among the distributed modes. In this region, the communication
overhead between the edge and cloud dominates the total response time, outweighing the
benefits of additional compute resources. Only when the computational workload be-
comes sufficiently large does the cloud’s processing capacity compensate for this initial
cost, after which it becomes the most advantageous option.

Overall, this scenario illustrates a key trade-off in the edge–fog–cloud continuum:
cloud execution is highly effective for heavy workloads, but can be inefficient for short,
latency-sensitive tasks.
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4.4.5. Scenario 5 – Dynamic execution

After evaluating the static scenarios, we assess the main contribution of SDS SWARM: the
system’s dynamic behavior. In the previous experiments, each configuration was fixed
(local, edge, fog, or cloud). Here, we evaluate whether the architecture can adapt at run-
time by progressively relocating the computation across the continuum as the workload
changes.

In our experiments, the adaptation flow followed a progressive sequence: (i) Lo-
cal execution on the edge (from 0 to approximately 12 items); (ii) First adaptation
at approximately 12 items, from local to edge distribution; (iii) Second adaptation at
approximately 50 items, from edge to fog distribution; (iv) Final adaptation at approx-
imately 150 items, from fog to cloud distribution.

Figure 9. Scenario 5 (dynamic execution): GET response time vs. list size com-
paring static placements (local, edge, fog, cloud) against the dynamic SDS
behavior.

In this scenario, the reference application operates as a self-distributing system: as
the list grows, it requests a new deployment topology spanning edge, fog, and cloud nodes
in order to use the most suitable resources at each phase. In self-distributing systems, rein-
forcement learning is commonly used to decide when and where to migrate components.
In this work, however, we keep the decision-making manual to validate the underlying
infrastructure and orchestration mechanisms required to support such adaptations.

Figure 9 shows the response-time curve of the dynamic SDS execution (dashed
line) alongside the static baselines. The SDS curve can be interpreted as a composition
of the best-performing strategies across the run: within each workload range, it tracks the
placement that provides the lowest response time at that moment.

The most notable feature is the presence of vertical spikes at specific points.
These spikes are not measurement errors; they represent the cost of adaptation, i.e.,
the time overhead required for the system to reconfigure. At each spike, the SDS issues a
redistribution request to the container-manager API, which triggers Docker Swarm
to instantiate and redeploy the required remote-dist workers. Although this orches-
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tration step introduces a temporary delay, it is compensated by the lower response times
observed after the new placement becomes active.

4.5. Discussion
The results indicate that SDS SWARM can support the execution of Self-Distributing Sys-
tems across an edge–fog–cloud continuum by combining container-based portability with
runtime reconfiguration. Across the static scenarios, increasing parallelism and moving
the computation from the edge to fog and cloud reduced the GET response time substan-
tially for larger workloads, while also exposing a clear latency–compute trade-off: cloud
execution becomes advantageous only when the workload is sufficiently heavy, whereas
for small inputs its higher network latency dominates the end-to-end response time.

Most importantly, the dynamic experiment demonstrates that the architecture can
progressively adapt the deployment as the workload grows, transitioning across multiple
compositions and sustaining response times close to the best-performing static placement
in each range. The vertical spikes observed during the dynamic run capture the overhead
of orchestration and redeployment, showing that adaptation has a measurable cost that
must be amortized by subsequent performance gains.

Although the adaptation decisions were manually triggered in this study, the ob-
served behavior confirms that the proposed infrastructure and orchestration mechanisms
are operational and can support runtime relocation of components. This provides a con-
crete basis for future work on autonomous decision-making (e.g., reinforcement learning
policies) to determine when and where to reconfigure the system.

5. Final Remarks
This paper presented SDS SWARM, an extension of the Self-distributing Systems (SDS)
paradigm for building stateful applications across the edge–cloud computing continuum.
We discussed how Docker and Docker Swarm can be used to package applications into
containers and to manage their execution across a diverse set of computing resources,
spanning both edge devices and cloud infrastructures.

By leveraging the SDS paradigm, SDS SWARM enables the autonomous distri-
bution and replication of application components, improving scalability and resource ef-
ficiency. Our evaluation shows that SDS-based applications scale effectively across edge-
only, hybrid edge–cloud, and cloud-only environments, making efficient use of available
computational resources in realistic deployments. As future work, we plan to extend
Dana-based components to resource-constrained edge devices and explore autonomous
mechanisms for optimal component placement.
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