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ABSTRACT

Modern geo-distributed stream processing systems, particularly
those supporting Internet of Things (IoT) workloads, rely on effi-
cient operator placement strategies to minimize end-to-end latency
and avoid overloading resource-constrained edge nodes. Existing
approaches, such as NEMO, address this challenge by modeling
latency with Euclidean embeddings of network topologies and solv-
ing operator placement using spring relaxation. However, their
CPU-bound optimization process limits scalability, particularly in
large topologies with millions of nodes.

This paper introduces NEMO-SGD, the first GPU-accelerated,
gradient-based optimizer for operator placement in distributed
stream processing. NEMO-SGD reformulates the operator place-
ment problem as a differentiable loss function and replaces NEMO’s
spring relaxation algorithm with a parallelized Stochastic Gradient
Descent (SGD) process. Experiments performed on both synthetic
and real-world topologies show that NEMO-SGD can optimize
placements in under one second for topologies with up to 1 million
nodes. This represents a reduction in the optimization time of up
to 70% compared to the state-of-the-art NEMO approach. At the
same time, NEMO-SGD maintains or even improves the placement
quality. Our work shows that gradient-based, GPU-accelerated par-
allel optimization serves as a practical and scalable foundation for
operator placement in next-generation stream processing systems.
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1 INTRODUCTION

The widespread implementation of large-scale Internet of Things
(IoT) applications places increasing demands on distributed stream
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processing systems [23, 44, 45]. These systems need to ingest and
process continuous data streams from millions of devices spread
across vast geographical locations. A core challenge in this context
is operator placement, which involves determining where to execute
computational tasks within the network to minimize end-to-end
latency and prevent overloading nodes with limited resources.

To prevent processing nodes from being overloaded by the high
data volumes typical of IoT applications, a common strategy is
to parallelize decomposable aggregation functions (DAFs), such
as min, max, count, and sum. These functions are widely used in
stream processing [39, 43] and can be efficiently replicated and
partially aggregated near the data source due to their inherent
decomposability [25, 26, 34].

Motivating Example. Imagine a smart city air quality monitor-
ing system deployed across thousands of intersections, roads, and
public spaces. Each sensor node continuously transmits detailed
pollution data to a stream processing system, which is responsible
for detecting any breaches of predefined thresholds and sending
alerts in real time. The calculations are performed using decompos-
able aggregation functions (DAFs), such as calculating the average
concentration of nitrogen dioxide (NOy).

In a typical deployment, raw data from each sensor is sent to a
central cloud server for aggregation. However, this approach can
result in high communication latency, strained network bandwidth,
and delayed response times, which are unacceptable in real-time,
latency-sensitive applications. To improve efficiency, operators
should be placed close to the data sources, such as on edge de-
vices or fog nodes. However, this presents a complex optimization
challenge, as nearby devices vary in computational capacity, net-
work latency, and workload. Overloading a single node can cause
performance issues, while poor placement may increase latency
and decrease responsiveness.

Challenges. Operator placement (OP) in geo-distributed stream
processing systems is an NP-hard optimization problem [33]. Plac-
ing DAFs closer to data sources can significantly reduce latency and
communication overhead, but also introduces new challenges. IoT
environments involve devices that vary significantly in their com-
putational capacity, exhibit non-uniform network latency, and expe-
rience frequent topological changes due to factors such as mobility,
hardware failures, or fluctuating data rates [31, 35]. Traditional
placement strategies for cloud-based systems are not well-suited to
these conditions, as they struggle to scale to millions of nodes or
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quickly adapt to rapidly changing environments. Therefore, effec-
tive OP solutions must: (i) scale to large, heterogeneous topologies;
(ii) prevent the overloading of resource-constrained nodes; and (iii)
adapt quickly to topological changes.

State-of-the-Art. NEMO [9] is currently the state-of-the-art
approach for latency-aware operator placement and replication
of DAFs in resource-constrained, geo-distributed environments. It
leverages Euclidean embeddings of network topologies and applies
a spring relaxation algorithm to create hierarchical aggregation
trees. Although NEMO achieves high-quality placements, its op-
timization phase is CPU-bound, which can result in performance
bottlenecks as the topology size increases.

Our Solution. We present NEMO-SGD, a scalable, GPU-accel-
erated approach for operator placement in geo-distributed stream
processing systems. Building on the NEMO approach, NEMO-SGD
replaces the CPU-intensive spring relaxation phase with a GPU-par-
allelized Stochastic Gradient Descent (SGD) optimizer. The place-
ment objective is reformulated as a differentiable loss function that
jointly minimizes latency and penalizes capacity violations. Fur-
thermore, NEMO-SGD executes the entire placement pipeline on
the GPU, leveraging parallelism to significantly improve scalability
and runtime efficiency, particularly in large-scale topologies.

Results. We compare NEMO-SGD against NEMO as well as
heuristics used in SPEs and adaptive aggregation approaches used
in Wireless Sensor Networks (WSN). We conduct experiments on
both synthetic and real-world datasets, including topologies with
up to one million nodes. Our evaluation demonstrates that NEMO-
SGD significantly outperforms the baseline methods, including
NEMO. It achieves placement runtimes of under one second, mak-
ing it 70% faster than NEMO. Additionally, NEMO-SGD improves
placement quality by reducing the 90th percentile latency by up
to 75X compared to NEMO. Importantly, it also avoids all capacity
violations across test scenarios, thanks to the integration of soft
constraint penalties during the training process.

The remainder of this paper is structured as follows. Section 2
describes the system and resource model of our approach, along
with a formal definition of the problem. Our approach is described
in Section 3, and its evaluation is presented in Section 4. We then ex-
plore related work in Section 5, followed by our concluding remarks
in Section 6.

2 PRELIMINARIES

This section introduces the fundamental concepts and definitions of
our approach, which we inherit from NEMO [9]. We first define the
semantics of a stream processing application in Section 2.1. Next, we
describe how we model latency and resource metrics for placement
decisions in Section 2.2. Finally, in Section 2.3, we formulate the
operator placement and replication problem that we address and
parallelize using the GPU.

2.1 Stream Processing Model

SPEs take a user query as input and create a logical operator plan that
represents the processing pipeline and specifies the order and type
of operators and their dependencies. Operators are self-contained
units performing specific functions, while streams are unbounded
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Figure 1: Example of distributed windowing, where partial
count-aggregates are computed on remote worker nodes.

sequences of data tuples. This work focuses on Decomposable Ag-
gregation Functions such as sum, average, or count. These operators
support partial aggregation, enabling computations to be incremen-
tally performed at intermediate nodes before reaching the final
aggregation. Properly placing DAFs near their data sources can
significantly reduce bandwidth usage and end-to-end latency.

Figure 1 depicts the operators required for hierarchical aggrega-
tion using window merging in a topology with two source nodes
and one worker node that also acts as the sink. In @ source oper-
ators emit individual events from their input streams. In @, these
events are grouped into window slices, which are time-partitioned
segments of the stream. In @, nodes compute local intermediate
aggregates over their window slices through the partial aggrega-
tion operator. Finally, in @ the worker node receives these partial
aggregates and merges them to produce the final results. This hierar-
chical processing model, known as distributed windowing, enables
parallel, slice-level computation and improves scalability [4]. How-
ever, it applies only to decomposable window functions; holistic
functions do not support partial aggregation and thus limit the
applicability of this approach [43].

Logical Plan. We model a query as a directed acyclic graph
(DAG) G = Q, S, A, L, following Rizou et al. [33], where Q is the set
of operators and L the set of links »;w; indicating that operator
®; produces a stream consumed by w ;. Each operator w; has a set
of incoming and outgoing links L,,,. Link weights w(w;w;) reflect
the load imposed on the destination node, and the load C,(v;) of a
node is computed as the sum of the weights of its incoming links.

Operators in S C Q (sources) have only outgoing links and
produce data, while those in A ¢ Q (sinks) have only incoming
links and consume data. Sources and sinks are pinned, i.e., they
have fixed placements, while other operators can be freely assigned
to any node in the topology.

Replication. To support parallelism and scalability, we extend
the logical plan with operator replication. Each operator v € Q
is represented as a tuple {w;q, Rig, vi, p}, where wjq is the operator
ID, R4 the replica ID, v; the physical node to which the replica
is assigned, and p the number of replicas. Pinned operators (i.e.,
sources and sinks) have fixed placements and are not replicated.
The resulting replication plan G* = {Q*, L*} augments the original
DAG with all operator replicas and their links. The total number of
operators |Q*| equals the sum of all replicas.



To avoid duplicate processing and ensure valid partitioning, we
adopt a constraint inspired by WSNs [41]: replicas must receive
disjoint input streams, i.e., Vo (0 € Lj — w ¢ L) for any two
replicas of the same operator. This significantly reduces the number
of valid edges in L*. We denote the superset of all valid replication
plans (i.e., with all possible p and valid paths) as G’.

2.2 Resource Model

As required by NEMO, we model the topology as a set of connected
nodes V in a cost space Gr € R™4_Each row of Gy represents
the coordinates of a node in the cost space, with the ith row cor-
responding to the coordinates of the ith node v; € V. We denote
the coordinates of node v; as ¥; and represent the set of all node
coordinates as V = {?1,...,Vn}. The cost space G} represents
optimization metrics, in our case, latency, in a Euclidean space.
Specifically, in our cost space, each node is assigned coordinates in
two dimensions, ensuring that the Euclidean distance between any
two nodes closely approximates the actual latency between them.
Various methods exist for computing such a latency cost space. In
this work, we use the Vivaldi algorithm [14] to create the latency
cost space. Cost spaces are generally agnostic regarding the types of
metrics they represent and can also be used to depict other metrics,
as further discussed by Chatziliadis et al. [9].

We model the maximum computational capacity of a node v;
as C¢(v;) € N. Nodes with high capacities are typically servers
within the cloud, while those with lower capacities are edge or
sensor devices. We consider v; to be overloaded if Cy, (v;) > C¢(v;),
where C,, represents the utilized capacity. Finally, C, represents
the required capacity, and C, = C; — Cy, the available capacity. The
available and utilized capacity of a node depends on the input data
rate of the operators placed on it.

2.3 Problem Definition

In a distributed stream processing system, the goal of operator
placement is to assign each operator w € Q to one or more nodes
v € V such that system constraints are met and a given objective,
such as minimizing end-to-end latency, is optimized. The opera-
tor placement and replication (OPR) problem extends the classical
placement problem by also determining the optimal number of repli-
cas per operator, enabling parallel processing over partitioned data
streams. Each replica is assigned to a node such that no two replicas
of the same operator receive the same input, preventing redundant
computation [41]. The binary decision variable f,;(«w,v) — 1 indi-
cates placement of operator w on node v. As shown by Cardellini
et al. [8], OPR generalizes the NP-hard assignment problem [22]
and remains computationally NP-hard.

Formally, our objective is to minimize total latency Lat(Q*)
across all source-to-sink paths, subject to node capacity constraints
and valid replication semantics, which is formally defined as:

min Lat(Q*) = Z d(@xwy),¥Q* € G YG* € G’

1
Y wx,wy €Q* ( )

subject to the constraint
Cu(vi) < Ce(vi),Yv; € V. 2)

3 NEMO SGD

Our approach builds on NEMO [9], a previously proposed opti-
mization approach for latency-aware operator placement in geo-
distributed stream processing systems. NEMO performs the place-
ment process in three phases: 1) latency-based clustering of nodes,
2) virtual placement of operators in a continuous coordinate space
using spring relaxation, and 3) determination of the number of op-
erator replicas and their mapping to physical nodes with capacity
checks. Figure 2 depicts these three phases for an artificial cost
space comprising 1000 nodes, where all nodes are sources in the
topology that transmit a data aggregate to the sink. For additional
details on the three phases of NEMO, we refer the reader to the
original paper [9].

Although NEMO is scalable and can be re-optimized, it has two
main limitations. First, its placement loop operates solely on the
CPU. Second, it manages capacity constraints only during a post-
processing step in phase 3. This can lead to an increased degree
of replication for intermediate aggregation operators, resulting in
higher latency. We address both issues with NEMO-SGD, a GPU-
parallel extension that retains NEMO’s overall structure but re-
places its core placement algorithm with a differentiable, capacity-
aware objective solved via stochastic gradient descent (SGD). In
addition to SGD calculation, NEMO-SGD performs all computa-
tions on the GPU, enabling fast optimization even on large-scale
topologies.

3.1 Unified Latency—-Capacity Objective

The initial phase of NEMO serves as a preprocessing step in which
nodes within the cost space are grouped into clusters based on min-
imal latency, as shown in Figure 2(a). Each cluster contains nodes
that are situated close to one another in the cost space, resulting in
low latency between them. This clustering effectively reduces the
search space for the subsequent phases.

In the second phase, NEMO calculates the optimal placement
of an operator in the cost space between a given set of upstream
nodes and the sink. In this phase, we replace NEMO’s spring relax-
ation method with a differentiable objective that simultaneously
minimizes communication latency and avoids overloading physical
nodes. Each aggregation operator is modeled as a freely assignable
virtual node 9 € R, Initially, the number of aggregation operators
to be assigned corresponds to the number of clusters, i.e., we place
an aggregation operator for each cluster. Additional intermediate
aggregation layers are introduced iteratively until all optimization
constraints are satisfied. Given a set of upstream nodes U (initially
the sources of the cluster) and a downstream node s (i.e., the sink),
the objective function for determining the position of the virtual
node 9 is defined as:

max(0,A(3) — C(5))
C(o) :

. N 2 A 2
min > alld - ull} + BlI6 - sllf +y
uelU

®)

The first two terms model latency and penalize distance between
upstream and downstream nodes, ensuring that the virtual node is
placed close to where the data originates and where it is eventually
consumed. The third term introduces a soft penalty for exceeding
capacity: A(9) estimates the total load routed through 4, and C ()
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Figure 2: Overview of NEMO SGD’s three phases: (1) grouping physical nodes by latency, (2) optimally placing operators on
virtual nodes to form an aggregation tree, and (3) mapping operators to physical nodes with replication to prevent overload.

is the combined available capacity of the k-nearest physical nodes.
When there is sufficient capacity, the penalty is zero; otherwise, it
grows proportionally with the overload. The weighting parameters
a, B, and y balance the trade-off between minimizing latency and
avoiding congestion.

We minimize Equation 3 using mini-batch stochastic gradient
descent. At each iteration t, a batch B; C U of upstream nodes is
sampled, and the virtual position is updated as follows:

Ore1 =0r — 1 |2a Z (6r —u) + 26 — s) + yV;(penalty) |,

u€eB;

where 7 is the learning rate, and the penalty gradient becomes
active only when the estimated load exceeds capacity. This allows
to efficiently determine coordinates in the cost space that are both
latency-efficient and resource-feasible for each virtual node. The
convexity of the optimization objective in this phase enables the
placement of topologies with millions of operators to be optimized
independently and in parallel.

The final phase of NEMO involves mapping virtual nodes to
physical nodes for deployment. This mapping is crucial, as virtual
nodes are abstract operator representations that exist solely within
the optimization cost space. The objective is to assign each virtual
node to the nearest physical node within its cluster that has enough
residual capacity to accommodate the expected load. NEMO-SGD
retains this phase unchanged to preserve constraint satisfaction.
As in NEMO, it computes the Euclidean distances between each
virtual node and all physical nodes in the same cluster. It then sorts
the nodes by proximity and assigns the virtual node to the closest
physical node with sufficient available capacity.

NEMO-SGD iteratively repeats the above process until all opti-
mization constraints are fulfilled. In each iteration, an intermediate
aggregation layer is introduced to perform a new aggregation be-
tween the nodes identified in the previous iteration and the sink.

3.2 GPU Implementation

NEMO-SGD executes the complete operator placement pipeline on
the GPU. To support efficient parallel computation, node coordi-
nates are stored in a columnar tensor layout, which allows GPU
threads to access data in a coalesced manner and improves memory
throughput. Cluster memberships are stored in a shared index for
parallel thread access during mini-batch updates. The available
capacity of each node is tracked using a compact array that resides
on the GPU. To speed up proximity queries, which are crucial for
making placement decisions, we utilize a grid-based spatial index-
ing scheme. This indexing is precomputed in the GPU’s shared
memory at the beginning of each optimization pass.

The entire optimization process, including gradient calculation,
capacity evaluation, penalty handling, and coordinate updates, is
fused into a single GPU kernel. Instead of launching many small
operations separately, we record the full sequence of computations
once using GPU graph capture and replay this sequence for each
epoch. This drastically reduces kernel launch overhead and im-
proves overall runtime. Initial node clustering is performed on the
GPU using an efficient mini-batch K-Means clustering algorithm
that runs asynchronously in a separate execution stream. To avoid
idle time, we employ a double-buffering strategy: while one epoch
is being optimized, the next epoch’s clustering runs in parallel,
effectively hiding the clustering cost behind ongoing computation.

To synchronize results across threads and thread blocks, we
aggregate key metrics such as total loss, gradient norm, and ca-
pacity constraints using a single collective operation per epoch,
reducing the overhead typically caused by frequent fine-grained
synchronizations. Load balancing is handled dynamically: clusters
are assigned to thread blocks via a shared work queue, allowing
idle threads to steal remaining tasks and redistribute the workload
as needed. This ensures high GPU utilization even when cluster
sizes or computational demands vary. All numerical operations are
performed using single-precision (FP32) arithmetic.

4 EVALUATION

We evaluate our parallelized, gradient-based approach, NEMO-SGD,
using the simulation testbed introduced by Chatziliadis et al. [9],



which was also used to evaluate the original NEMO approach. Our
evaluation focuses on placement quality and runtime performance,
and it is conducted on both real and synthetic datasets that exhibit
diverse latency and workload characteristics.

4.1 Experimental Setup

In this section, we detail the experimental setup used to evaluate
NEMO-SGD, which includes the hardware environment, datasets,
workload and capacity models, and baselines. Our objective is to
ensure a fair and reproducible evaluation across various scenarios.

Hardware. All experiments were conducted on a workstation
equipped with an AMD Ryzen 7 5800X CPU, 32 GB of RAM, and
an NVIDIA RTX 3070Ti GPU with 8 GB of VRAM. The operating
system was Ubuntu 22.04 LTS, running under Windows Subsystem
for Linux 2 (WSL2).

Implementation. NEMO-SGD is implemented in Python using
PyTorch 2.0.1 with CUDA 11.8. For comparison, we also imple-
mented a CPU-parallel version of NEMO-SGD. The number of CPU
processes, as well as the number of GPU thread blocks, corresponds
to the number of clusters identified in the first phase of NEMO.
Parameters were individually tuned for each experiment to ensure
optimal performance. All of our experiments also include the time
required to load data into GPU memory.

Datasets. We use the Vivaldi algorithm [14] to construct net-
work coordinate systems based on latency measurements collected
from various real-world and synthetic topologies. To ensure a fair
comparison, we adopt the same hyperparameters as those used in
the original NEMO evaluation, including the number of neighbors
mm (which represents the number of direct latency measurements
per node). Network coordinates for all tested topologies are gen-
erated and evaluated using the NCSIM simulation tool [11]. We
use latency measurements of the following topologies: 1) FIT IoT
Lab [1] is an IoT testbed deployed across different regions in France.
Our evaluation uses RTTs of 433 geographically distributed nodes
comprising different types of microcontrollers and four gateway
servers. 2) PlanetLab (PL) [13] measurements represent RTTs from
335 nodes hosted by universities and research institutions across
Europe and North America. 3) King [17] contains latency measure-
ments of 1740 Internet DNS servers. 4) We also generate artificial
NCSs with varying latency distributions and sizes. The x-axis of the
NCSs ranges in [0, 100] and the y-axis in [-50, 50]. These ranges
represent a combined set of latency distributions found in other
topologies. Nodes belong to different Gaussian distributions with
uniformly distributed centers across the plane. The artificial NCSs
range from 1k to 1M nodes.

Workload and Capacity Models. Consistent with the original
NEMO evaluation, our simulations are based on a generic DAF
monitoring workload that collects metrics from all devices in the
topology and computes window aggregates. This workload models
a common scenario in many monitoring systems [3, 5, 10, 16, 27,
34, 36]. The load scales proportionally with the size of the topology,
as all nodes serve as data sources, allowing for a comprehensive
evaluation of NEMO’s scalability and performance. The sink node
is randomly selected to avoid bias in the evaluation.
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Figure 3: Comparison of the 90th percentile latency deltas
against bottom up/top down across different approaches.

Capacities and Weights. As in the original NEMO evaluation,
we model node capacities in line with real-world stream process-
ing systems such as Flink, Spark, Storm, and NebulaStream, which
typically specify worker capacities through configuration files. To
demonstrate NEMO’s robustness under diverse deployment con-
ditions, we evaluate it on a range of capacity distributions that
reflect different levels of heterogeneity. To ensure consistent com-
parisons across experiments, we vary individual node capacities
while keeping the total capacity approximately constant (minor
deviations may arise due to rounding). Capacities are drawn from
a log-normal distribution with parameters ¢ = 1.4 and p = 7.3.
To evaluate NEMO+ and NEMO-SGD under varying workload in-
tensities, we assign different link weights (w) to sources. Initially,
all sources are assigned uniform weights, providing a baseline for
comparison with NEMO and alternative aggregation strategies. We
then increase load heterogeneity by assigning weights to all sources,
drawn from a log-normal distribution within the range of 1 to 50.

Baselines. We compare NEMO-SGD against the following base-
lines: 1) Optimal: An optimal solution based on Cardellini et al. [8].
2) LEACH [20]: A cluster-based method commonly used in WSNss,
where data is pre-aggregated at randomly selected cluster heads. In
our implementation, we use a centralized LEACH version with k-d
trees for neighborhood search and set the number of cluster heads
to 10% of the nodes, following [20]. 3) MST: A greedy approach
based on Prim’s algorithm [30], often used for tree-based aggrega-
tion in WSNSs. It constructs a minimum spanning tree from sources
to sink, enabling in-network aggregation at intermediate nodes. 4)
Chain: A chain-based method used in WSNs that aggregates data
along a sequential chain from sources to sink. Our implementation
uses a centralized, probabilistic approach combining stochastic gra-
dient descent and simulated annealing. 5) NEMO: We include both
vanilla NEMO and its extension, NEMO+, which supports arbitrary
weights. For each topology and weight distribution, we individually
tune the hyperparameters.

4.2 Placement Quality

In this section, we evaluate the placement quality achieved by
NEMO-SGD, which integrates stochastic gradient descent, GPU-
parallel optimization, and a latency-focused cost function to mini-
mize the 90th-percentile end-to-end latency. To compare the per-
formance of NEMO-SGD with the original NEMO approach, we
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compute the delta in the 90th percentile latency across datasets
with respect to the theoretical minimum defined by direct trans-
mission. Figure 3 illustrates the results. In this figure, lighter cells
represent lower average latency, while darker cells indicate higher
latency. We observed a consistent trend across various levels of het-
erogeneity, so we will only present the results for the highest level
of heterogeneity (m = 25) for both uniform and skewed load distri-
butions (w = 1 and w € [1,50]). The optimal approach could not
produce results for the tested topologies and is therefore excluded
from our analysis.

In the light-load case (w = 1), NEMO-SGD consistently narrows
the latency gap to the theoretical lower bound across most topolo-
gies. On the FIT network, it reduces the 90th-percentile latency
delta from 0.53 ms (with NEMO+) to just 0.10 ms, representing a
5.3% improvement. In the King topology, the latency delta is halved
from 4.34 ms to 2.16 ms. In the artificial topology with 1000 nodes
(Sim-1Kk), it drops from 1.66 ms to 0.96 ms. PlanetLab is an exception.
NEMO-+ already achieves near-optimal placement with only a 0.04
ms latency delta, whereas NEMO-SGD has a delta of 3.69 ms, which
is still significantly lower than the traditional WSN approaches.

Under heavy-tailed load distributions (w € [1,50]), the improve-
ments are even more pronounced. In Sim-1k, the latency delta
plunges from 21.8 ms to 0.29 ms, a 75X reduction. Similarly, on
the King and FIT topologies, the deltas drop from 30.7 ms to 1.59
ms and from 4.71 ms to 0.20 ms, corresponding to 19X and 23x
improvements, respectively.

These gains stem from two key properties of NEMO-SGD. First,
by extending the cost function to include capacity constraints, it
identifies more practical placement locations in terms of the opti-
mal placement in the cost space compared to the original NEMO.
Second, the use of GPU parallelism allows the optimizer to evaluate
hundreds of candidate steps within each iteration, substantially
expanding the search space without increasing wall-clock time.
Together, these factors produce placements that avoid redundant
intermediate aggregation and strictly adhere to cluster-head capac-
ity constraints, thereby achieving sharp reductions in latency.

In summary, NEMO-SGD retains NEMO’s zero-overload guaran-
tee while cutting the 90th-percentile latency by up to two orders of
magnitude compared to classical aggregation heuristics, and by up
to 75X relative to the best NEMO+ configuration under heavy load.
These results highlight the effectiveness of embedding stochastic,
GPU-accelerated optimization within the geo-distributed operator
placement pipeline.

4.3 Scalability

In this section, we evaluate the scalability of the NEMO-SGD op-
timization across topologies of different sizes. We also include an
evaluation of NEMO’s re-optimization performance. The x-axis of
Figure 4 shows an increasing number of nodes in the topology,
which also linearly increases the total number of required aggre-
gations. The y-axis represents the time taken to compute a full
placement of the DAF query in logarithmic scale. We observed a
similar trend over all tested capacity and workload distributions
and therefore present only the results for w = 1 and m = 50.

To evaluate the re-optimization of NEMO, we considered four
cases: (1) removal of random leaf nodes, (2) removal of random clus-
ter heads, (3) addition of nodes, and (4) computation of coordinates
for a node. All re-optimization strategies completed in under one
second and are summarized using their average. It is important to
note that the re-optimization approach for all NEMO variants is
the same, thus yielding the same results.

Our evaluation in Figure 4 shows that NEMO-SGD significantly
improves optimization runtime across all tested topologies. Notably,
it achieves sub-second optimization times on GPU, reducing the op-
timization duration by up to 70% compared to the standard NEMO+,
making it the fastest approach among all evaluated variants while
preserving the same placement quality as NEMO+.

To assess its hardware portability, we also evaluated a paral-
lelized CPU implementation of NEMO-SGD. Although the CPU
implementation is slower than the GPU version, it still offers a
substantial improvement over prior approaches, with optimization
times ranging from 12 to 98 seconds across different topology sizes.
This demonstrates that even without access to GPU acceleration,
NEMO-SGD remains a practical and scalable choice for large-scale
deployments. In contrast, the optimal solution requires over 15 min-
utes for topologies with fewer than 100 nodes and was manually
terminated at 20 minutes in all other cases. Similar timeouts were
observed for MST and Chain. Among these, MST could only handle
up to 10k nodes within 6 minutes, while Chain reached its limits at
1k nodes with a runtime of 5 minutes.

Although the original NEMO and NEMO+ achieve linear-time
complexity, they can take up to approximately 10 minutes for 1
million nodes. LEACH is the only baseline besides NEMO to exhibit
linear runtime, thanks to its k-d tree—based nearest neighbor search,
requiring 5 minutes for 1 million nodes. We note that although the
original NEMO and NEMO+ have a slower optimization phase
compared to LEACH due to their more complex computations, such
as optimal operator placement in the NCS and overload prevention,
their strength lies in dynamic adaptability. NEMO’s re-optimization
consistently takes under one second. Thanks to advancements in
NEMO-SGD, the optimization time for full placements in topologies
with millions of nodes is now nearly as fast as the constant re-
optimization times of NEMO, allowing both optimization and re-
optimization to be completed in under one second on GPU and in
just over a minute on CPU.

4.4 Summary

Our evaluation shows that NEMO-SGD significantly outperforms
all baseline methods, including the original NEMO and its optimized
variant, NEMO+. This improvement is evident in both placement



quality and runtime efficiency. By utilizing GPU-parallel stochastic
gradient descent and a capacity-aware cost function, NEMO-SGD re-
duces the 90th percentile latency by up to 75X compared to NEMO+
and achieves reductions of up to two orders of magnitude over tradi-
tional wireless sensor network (WSN) approaches under high-load
conditions. Additionally, it provides full placement runtimes that
are under one second, surpassing even the lightweight execution of
LEACH, while still maintaining NEMO’s strict no-overload guaran-
tees. These results establish NEMO-SGD as the most scalable and
latency-efficient solution for geo-distributed operator placement in
heterogeneous environments.

5 RELATED WORK

We categorize existing work into two main areas: (1) operator place-
ment strategies for distributed stream processing, and (2) GPU-
accelerated approaches that enhance performance by leveraging
parallel hardware in streaming environments.

Operator Placement in Stream Processing Systems. Opera-
tor placement has been extensively studied in cloud environments,
typically focusing on minimizing end-to-end latency or inter-node
traffic within homogeneous clusters [15, 38]. Subsequent work ex-
tended these models to account for device heterogeneity [7], joint
placement-replication decisions [8], and more recently, learned
cost models for placement in hybrid edge-cloud settings [18]. How-
ever, these formulations suffer from prohibitively long solve times
on realistic, large-scale topologies and are too slow to adapt to
dynamic changes in network conditions. SBON [32] and its ex-
tension [33] improve the efficiency of single- and multi-operator
placement by reformulating the search as a cost-space optimization
problem solved via gradient descent. While faster, these methods
ignore resource capacity constraints and do not support replication
or re-optimization. Similarly, the latency-spike—aware heuristic
in [19] offers incremental placement capabilities but applies only
to newly added operators.

Beyond the stream processing domain, operator placement ana-
logues in wireless sensor networks aim to reduce energy consump-
tion through in-network aggregation schemes such as LEACH [20],
HEED [42], PEDAP [37], and PEGASIS [24]. These protocols form
multi-hop topologies where data is incrementally aggregated en
route to the sink. While highly adaptive, they focus on network
formation rather than resource-aware operator placement and thus
neglect key concerns such as latency and resource constraints.
The first approach to explicitly address the distinct challenges of
geo-distributed stream processing, while addressing replication,
adaptivity, scalability, responsiveness to topology changes, and
resource-awareness for DAFs is NEMO [9].

Critically, all prior approaches treat OP as a CPU-bound opti-
mization problem. While techniques like SBON and NEMO offer
linear scalability, they still incur substantial solve times on large
topologies. None of these methods leverage modern GPU paral-
lelism to accelerate the placement search itself. In contrast, our work
introduces a GPU-accelerated solver that achieves near-interactive
solve times while maintaining full support for resource constraints,
replication, and re-optimization. This addresses a crucial gap in
existing solutions.

GPU-accelerated execution. A separate line of work focuses
on accelerating the execution of streaming operators by offloading
them to GPUs, while leaving placement decisions to conventional,
CPU-based mechanisms. G-Storm [12] extends Apache Storm [2]
with CUDA-enabled bolts that execute entire operators on discrete
GPUgs, achieving significant throughput improvements but relying
on Storm’s original, CPU-bound scheduler for placement. Flink [6]
with TornadoVM [40] compiles user-defined functions into GPU
kernels, yet uses Flink’s standard task manager for operator as-
signment. FineStream [46] introduces fine-grained co-scheduling
of windowed operators across CPU-GPU SoCs to improve through-
put and energy efficiency, but the mapping of operators to devices
is still determined by a CPU-side heuristic. WindFlow [29] and
Springald [28] offload selected operators to GPUs, but the logic
that decides when and whether to offload remains on the CPU.
dSTREAM [21] enables runtime adaptation between CPU and GPU
execution, yet its mapping algorithm also runs entirely on the CPU.

In summary, existing GPU-aware frameworks accelerate the pro-
cessing of operators but not the decision-making about where and
how they are deployed. Placement logic remains serial and CPU-
bound, resulting in decision latencies ranging from hundreds of
milliseconds to several minutes on large or frequently changing
topologies. In contrast, our work is the first to move the place-
ment optimization itself onto the GPU, enabling fast, scalable, and
resource-aware scheduling with support for replication and efficient
re-optimization.

6 CONCLUSION

Modern stream processing systems require low-latency, resource-
efficient computation over large, geo-distributed infrastructures.
However, existing operator placement strategies are limited by
CPU-bound optimization techniques that do not scale well with
increasing topology size. In this paper, we introduced NEMO-SGD,
the first GPU-accelerated, gradient-based optimizer for operator
placement in stream processing. By replacing spring relaxation
with a parallelized Stochastic Gradient Descent algorithm, NEMO-
SGD reduces optimization runtime by up to 70% compared to the
previous state-of-the-art, while retaining support for resource con-
straints, operator replication, and efficient re-optimization.

By offloading placement computation to the GPU, NEMO-SGD
establishes a new direction for scalable, low-latency optimization
in distributed stream processing systems, making it highly suitable
for real-time deployment in large-scale, dynamic environments.
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