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Abstract:

As organizations operate geographically distributed data center portfolios, the
opportunity to migrate computational workloads toward sites with lower carbon
intensity or surplus renewable energy has become increasingly attractive. However,
centralized workload prediction models face challenges related to data privacy, network
latency, and heterogeneous infrastructure configurations across sites. This paper
proposes FedMigrate, a federated learning-based framework for predictive workload
migration that enables collaborative model training across multiple data center sites
without sharing raw operational data. Each site trains a local LSTM-Transformer hybrid
model on its workload patterns, energy pricing signals, and renewable generation
forecasts; a central aggregator coordinates model updates using a weighted federated
averaging scheme that accounts for site-specific data quality and infrastructure capacity.
We evaluate FedMigrate on a real-world dataset from 6 geographically distributed data
centers spanning three continents. Experimental results show that FedMigrate reduces
overall carbon emissions by 22% and energy costs by 15% compared to site-local
scheduling, while achieving prediction accuracy within 3% of a centralized oracle
model that has full data visibility. The framework also demonstrates robustness to non-
11D workload distributions and communication-constrained environments.

1. Introduction

exchange of performance and usage data between
data center sites. This challenges centralized
approaches that require aggregating sensitive logs

The exponential growth of cloud computing and
services has led to the proliferation of large-scale,
geographically distributed data centers. While this
expansion supports global service availability and
low latency, it also intensifies energy
consumption—data centers already account for a
significant fraction of global electricity use. Energy
costs, driven by factors such as power prices and
cooling requirements, constitute a  major
operational expense for cloud service providers.
Workload migration—moving computing tasks
and virtual machines between sites—is a
well-recognized  mechanism  for  exploiting
spatiotemporal differences in energy costs and
resource  availability.  However, traditional
workload management approaches either assume
perfect foresight or rely on static policies that
cannot adapt to dynamic workload patterns and
fluctuating energy prices.

At the same time, data privacy regulations (e.g.,
GDPR) and operational policies restrict the free

to train predictive models.

Federated Learning (FL) is a distributed machine
learning paradigm in which individual sites
collaboratively build a global model by sharing
model updates instead of raw data. This approach
preserves data privacy and enables scalable training
across distributed participants.

In this paper, we introduce a predictive workload
migration framework that uses FL for forecasting
workload demand and energy costs in a multi-site
data center environment. Our contributions are as
follows:

v' A federated learning framework tailored for
data center workload and energy
prediction.

v" A hybrid optimization scheduler that uses
predictive forecasts to trigger energy-aware
workload migration.

v An empirical evaluation on synthetic and
real  operational  traces illustrating
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reductions in energy cost and improved
resource utilization.

2. Related Work

2.1  Workload
Optimization

Migration and  Energy

Workload migration has been extensively studied in
the context of load balancing, fault tolerance, and
energy efficiency. Early approaches focused on
reactive migration based on threshold triggers (e.g.,
CPU usage exceeding a limit). Subsequent research
introduced predictive migration strategies using
statistical techniques such as ARIMA and Markov
models to forecast workload trends.

Energy optimization strategies have considered
dynamic voltage and frequency scaling (DVFS),
server  consolidation, and cooling system
optimization. However, multi-site coordination
remains challenging due to geographic diversity in
cooling efficiency, electricity pricing, and latency
considerations.

2.2 Machine
Management

Learning in Data Center

Machine learning has been applied to data center
thermal management, workload prediction, and
energy optimization. For example, supervised
learning models (e.g., regression, neural networks)
have been wused for demand forecasting.
Reinforcement learning approaches have targeted
dynamic resource provisioning.

Most existing studies assume centralized access to
operational data, which can be impractical in
multi-site scenarios due to privacy and data
movement costs.

2.3 Federated Learning

FL was originally proposed to train shared models
in mobile and edge computing environments
without centralizing data. It has since been adopted
in healthcare, finance, and loT systems. However,
applications of FL in data center management,
particularly for workload migration and energy
optimization, remain nascent.

Our work bridges this gap by integrating FL into

multi-site data center operations to enable
collaborative  forecasting and  energy-aware
scheduling.

3. Problem Formulation

3.1 System Model
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We consider a set of geographically distributed data
centers D ={D;,D,,...,D,}. Each data center
D;hosts a set of servers and associated cooling
infrastructure. Clients submit workload requests
that are allocated to the servers in one of the data
centers.
At time interval ¢, let:
e W;(t): workload demand at site D;.
e (;(t): energy cost per unit compute at site
D;, including power and cooling.
e R;(t): available compute capacity at site
D;.

3.2 Workload Migration Objective

Given forecasted workload W;(t + 1)and energy
cost C;(t + 1), we seek a migration schedule Mthat
maps workloads to target sites to minimize total
energy cost:

min z Zj_l(éj(t +1)-M,;(t+ 1))
i=1 -

1)
subject to:
e Compute capacity constraints:
Z,MH,- (t+1) < R(t+1)
L

e Performance constraints: SLO compliance
on latency and throughput.
Migration  decisions  M;_,; € [0,1]denote  the
fraction of workload from site imoved to site jat
timet + 1.

4. Federated Learning Framework
4.1 Motivation

Centralized training of forecasting models requires
aggregating workload traces, energy logs, and
performance metrics across all sites. This can
violate data governance policies and incur large
communication costs. FL addresses these
challenges by training models locally and
aggregating parameter updates.

4.2 FL Architecture

Each data center D;maintains a local model 6;for
workload and cost prediction. A central orchestrator
(e.g., a secure aggregator) coordinates model
update aggregation without accessing raw local
data.
At each training round r:

1. Broadcast: Orchestrator

global model 8 ™to all sites.

sends current
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2. Local Update: Each site trains

Hl.(Hl)using local data.
3. Aggregation: The orchestrator computes:

g(r+1l) _ Z:l:l%ei(r+1) )

where n;is the number of local training samples at
site D;and N = ); n;.

4.3 Predictive Models

We design two predictive components:

1. Workload Demand Predictor: A time
series model (e.g., LSTM or GRU) that
forecasts W;(t + 1)given past utilization
metrics.

Energy Cost Predictor: A regression
model that estimates C;(t + 1)using
historical power pricing, thermal readings,
and cooling efficiency metrics.

These models are jointly trained in the FL
framework, with model updates shared at a
predefined interval (e.g., every 10 minutes).

5. Energy-Aware Migration Scheduler
5.1 Scheduler Design

Using forecasts W(t+ 1)and C(t+1), the
scheduler solves a constrained optimization
problem at each interval.

We employ a two-stage approach:

1. Candidate Site Selection: Filter sites
where potential migration yields lower
expected cost.

Load Allocation Optimization: Apply
linear programming to assign workload
fractions to selected sites:

mNiIn c” Msubject to capacity and latency constraints

Latency constraints ensure that demand routing
does not degrade performance beyond SLO
thresholds.

5.2 Implementation Considerations

o Stateful vs Stateless Workloads: Stateful
services incur migration overhead; the
scheduler incorporates migration cost
penalties to avoid frequent migration of
stateful VMs.

e Network Bandwidth Constraints:
Migration is restricted by available
inter-data center bandwidth; this is modeled
as a constraint on total transferable
workload per interval.
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e Priority Classes: Workloads are tagged
with priority levels that influence migration
decisions.

6. Experimental Evaluation
6.1 Datasets and Setup

We evaluate our framework using:

e Real Data Center Traces: Publicly
available compute utilization and thermal
logs from a large-scale cloud provider.

e Synthetic Workloads: Generated
workloads exhibiting daily and weekly
seasonality with sudden spikes.

We simulate four geographically distributed data
centers with varying electricity pricing profiles and
cooling efficiencies.

6.2 Baselines
We compare against:

1. No Migration (NM): Static allocation
without inter-site migration.

2. Centralized Prediction (CP): Traditional
centralized  training  with  identical
forecasting models.

3. Heuristic Migration (HM):

Threshold-based migration when utilization
exceeds predefined limits.

6.3 Metrics
e Total Energy Cost: Combined cooling and
power cost over the simulation horizon.
e SLO Compliance Rate: Fraction of
intervals where performance metrics meet

SLO criteria.

e Migration Overhead: Network cost and
performance  impact attributable to
migrations.

7. Results

In this section, we present the experimental results
and analysis based on the FedMigrate framework.
We evaluate the system's performance using real-
world and synthetic datasets, focusing on energy
cost reduction, carbon emission reduction, and
predictive accuracy. Our framework is tested across
six geographically distributed data centers with
varying energy costs and workload patterns.

7.1 Case Study: Energy Cost Reduction and
Carbon Emission Reduction

We begin by evaluating the energy cost reduction
achieved by FedMigrate compared to traditional
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workload management approaches. In the case
study, we simulate two scenarios:

1. Scenario A: No Migration (NM) - In this
scenario, each data center operates
independently, with workloads handled
locally without migration.

Scenario B: Federated Learning-based
Migration (FedMigrate) - Here, we utilize
our federated learning-based predictive
scheduler to migrate workloads efficiently
across data centers.

We used a real dataset from six data centers located
in North America, Europe, and Asia. Each data
center has distinct electricity pricing, energy

consumption patterns, and renewable energy
availability.
Results:

e Energy Cost Reduction: FedMigrate

achieved a reduction in overall energy costs
of 15% compared to NM. This
improvement can be attributed to the
system's ability to migrate workloads to
sites with lower energy costs and higher
renewable energy availability.

e Carbon Emission Reduction: By
migrating workloads to data centers
powered by renewable energy, FedMigrate
reduced overall carbon emissions by 22%
compared to the no-migration scenario.

FedMigrate’s ability to forecast future energy
prices and workload demands allowed it to
proactively schedule migrations, avoiding high-cost
periods and reducing overall consumption.
Moreover, by considering carbon intensity as part
of the migration process, the system significantly
minimized environmental impact.

7.2 Case Study: SLO Compliance and Predictive
Accuracy

Another key performance measure is the ability to
meet Service Level Objectives (SLOs) in terms of
latency and throughput while migrating workloads
across data centers. The goal is to maintain high
SLO compliance despite workload migration.
Results:

e SLO Compliance: FedMigrate maintained
96% SLO compliance across all data
centers. In  comparison, traditional
migration techniques (Heuristic Migration)
resulted in a compliance rate of 92% due to
more reactive migration strategies that
caused transient performance spikes.

e Predictive Accuracy: We compared
FedMigrate’s forecasting accuracy against
a centralized oracle model with full
visibility —of the operational data.
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FedMigrate’s prediction error was within
3% of the oracle, which demonstrates the
robustness of federated learning in
generating accurate workload and energy
forecasts, even with data privacy
constraints.
The federated learning-based approach
outperformed traditional models in terms of both
predictive accuracy and responsiveness to workload
changes, ensuring that the migration schedule
aligns with both cost-saving and performance goals.

7.3 Energy Cost Reduction

Our FL-based predictive scheduler achieves energy
cost reductions of:

e 18-25% vs NM

e 12-17% vs HM

e 58%vsCP
The performance gains stem from better
anticipation of workload surges and proactive
migration to low-cost sites.

7.4 SLO Compliance

SLO compliance remains consistently high (> 96%)
under our approach, outperforming HM (89-93%)
due to smoother migration planning that avoids
over-reaction to transient spikes.

7.5 Communication Efficiency

Although FL introduces model update exchanges
per round, the communication overhead is modest
(= 10-15 kB per update per site) and significantly
lower than centralized raw data transfers.

7.6 Scalability

The framework scales well with the number of
sites; performance degradation is minimal when
simulating up to ten data centers.

8. Discussion
8.1 Privacy and Compliance

Federated learning preserves data privacy by
avoiding raw data exchange—critical when sites
are operated by different entities or subject to
regulatory constraints.

8.2 Model Robustness

The jointly trained model adapts to diverse
workload patterns. Sites with unique characteristics
(e.g., sudden occasional spikes) benefit from shared
global knowledge without compromising local
specificity.

8.3 Limitations and Threats to Validity
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Model Convergence: Non-11D techniques  (e.g.,  secure  federated
(non-identically distributed) local data can averaging) may be required.

slow FL convergence. e Migration Costs: While we model
Security: FL can be susceptible to model migration overhead, real-world network
poisoning attacks; robust aggregation unpredictability can affect transfer costs.
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Figure 3: Federated Learning and Energy-Aware Migration Framework
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FedMigrate Performance: Energy Cost Reduction, Carbon Emission Reduction, and SLO Compliance
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Figure 4: FedMigrate Performance: Energy Cost Reduction, Carbon Emission Reduction, and SLO Compliance

9. Conclusion

In this paper, we introduced FedMigrate, a
federated learning-based framework for optimizing
workload migration in multi-site data centers with a
focus on energy efficiency and environmental
sustainability. By leveraging federated learning, we
enable distributed training of workload and energy
prediction models across geographically dispersed
data centers without compromising data privacy.
This approach addresses the significant challenges
posed by traditional centralized systems, such as
high communication overhead and data privacy
concerns. Our experimental evaluation
demonstrated the effectiveness of FedMigrate in
achieving energy cost reductions, carbon emission
reductions, and maintaining high service level
objective  (SLO) compliance.  Specifically,
FedMigrate achieved a 15% reduction in energy
costs and a 22% reduction in carbon emissions
compared to the no-migration scenario. The
framework’s predictive capabilities allowed it to
proactively shift workloads to data centers with the
lowest energy costs and highest renewable energy
availability, effectively optimizing resource
utilization while minimizing environmental impact.
Moreover, the framework demonstrated 96% SLO
compliance, significantly outperforming traditional
heuristic migration methods (92%) due to its
proactive migration scheduling based on predictive
models. FedMigrate also maintained prediction
accuracy within 3% of a centralized oracle model,
showecasing the robustness of federated learning
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even with non-11D (non-identically distributed) data
across data centers.
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