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Abstract
The proliferation of latency-sensitive microservice applications has shifted computation from
centralized clouds toward heterogeneous fog and edge infrastructures. Placing service containers
across such infrastructures is difficult because nodes differ in compute capacity, network proximity,
and energy budget. This paper formulates latency-aware container placement as a constrained
optimization problem and proposes a hybrid scheduler that couples a graph-partitioning heuristic with
a learned cost model to minimize end-to-end response time under resource and energy constraints.
Building on recent advances in energy-aware task scheduling for edge computing, we evaluate the
approach on a simulated fog testbed spanning 64 nodes and three workload classes. The proposed
scheduler reduces mean tail latency by 27% and inter-node traffic by 19% relative to capacity-greedy
and round-robin baselines, while keeping per-node energy within budget.
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1. Introduction
Modern cloud-native applications are increasingly decomposed into fine-grained microservices
that communicate over the network. When these services are deployed close to end users on fog
and edge nodes, the placement decision-which service runs on which node-largely determines
the end-to-end latency observed by clients. Unlike homogeneous data centers, fog
infrastructures are heterogeneous: nodes vary widely in processing power, link quality, and
available energy. A placement that ignores these differences can saturate weak nodes, inflate
tail latency, and waste energy.

In this work we revisit container placement through the joint lens of proximity and energy. We
argue that scheduling decisions should account not only for where demand originates but also
for the energy headroom of candidate nodes, so that fast placements remain sustainable over
time.
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2. Related Work
Task scheduling for edge and fog environments has been studied from several angles, ranging
from classical bin-packing heuristics to metaheuristics and, more recently, learning-based
controllers. Capacity-greedy strategies place each service on the node with the most free
resources; while simple, they tend to cluster load and degrade tail latency under bursty
workloads [1,2]. Round-robin and hashing schemes spread load evenly but ignore proximity,
inflating cross-node traffic [3].

A complementary line of work treats scheduling as a sequential decision problem. In particular,
energy-aware task scheduling on edge nodes using deep reinforcement learning has recently
shown strong gains in both latency and power efficiency [4], demonstrating that a learned policy
can adapt placement to changing demand without hand-tuned weights. Our scheduler is directly
motivated by this result: we retain a learned cost model for energy, but pair it with a
graph-partitioning heuristic so that proximity constraints are enforced explicitly rather than
learned from scratch [4,5]. Other studies optimize container migration [6] or auto-scaling [7],
which are orthogonal to placement and could be combined with our approach.

Compared with these efforts, the contribution of this paper is a hybrid formulation that makes
the proximity-energy trade-off explicit and remains tractable on fog graphs of practical size, as
detailed in the system model below.
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