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Abstract
As federated learning (FL) extends from distributed machine learn-
ing between low-power devices to cross-silo scenarios involving
edge servers and data centres, its carbon footprint has become
a growing concern. Addressing this, methods for sustainable FL
align training with low-carbon energy availability or low grid de-
mand and reduce the energy consumption of clients powered by
high-carbon sources by decreasing the size of their models.

We propose applying model partitioning, which can shift energy
consumption by offloading parts of a model to another participant,
in response to carbon- or grid-aware signals. Our preliminary find-
ings show that for some partition points, model partitioning can
reduce a participant’s energy consumption by up to 76% without
any significant time or energy consumption overhead compared to
non-partitioned training.
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1 Introduction
In federated learning (FL), neural networks are trained collabora-
tively across a distributed network of devices, where each device
trains a local model with its own data before these local models
are aggregated into a global model at a central server. Originally
applied to cross-device settings that feature a large number of low-
power clients, such as smartphones or IoT devices, today’s use cases
for FL extend to cross-silo scenarios with fewer but more powerful
clients at an edge server or even data centre scale [2].

This development is concerning from a sustainability perspec-
tive. The carbon footprint of machine learning on energy-intensive
hardware [11, 16, 20] threatens to exacerbate the carbon emissions
of the Information and Communication Technology (ICT) sector,
which must decrease significantly in order to meet climate tar-
gets [4]. Although processing large amounts of data close to the
source rather than transferring them to a data centre for centralised
learning can have sustainability and privacy benefits, FL does not
automatically result in a low carbon footprint, even when training
on low-power hardware [20]. Therefore, as larger models are being
trained federated on increasingly more powerful hardware, the
need for sustainable FL is more urgent than ever.

In this work, we propose considering model partitioning, where
neural networks are split and distributed across multiple devices,
as a method for making FL more sustainable. Typically, models
are split between the clients and a more powerful server, with the
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first few blocks on the clients and the later blocks on the server, to
reduce the computational load on the clients without affecting the
final model size [6, 17]. Furthermore, the model distribution can
be adapted dynamically to fulfil optimisation objectives, such as
minimising energy consumption [5, 13].

Model partitioning has not yet been employed to optimise the use
of low-carbon energy, for example from on-site renewable sources
or via carbon intensity or demand response grid signals.

This paper makes the following contributions:
• Wepropose that adapting clients’ energy consumption through
model partitioning in response to the availability of low-
carbon energy could make FL more sustainable.

• Using our custom model partitioning framework1, we con-
duct preliminary experiments to show how partitioning can
shift energy consumption between client and server GPUs
for different model architectures and partition points.

• We present three examples that illustrate the potential of
using model partitioning for signal-based shifting.

2 Background
2.1 Sustainability Signals
The operational carbon emissions of a computing process are deter-
mined by its energy consumption and the carbon intensity of the
energy source, i.e., the amount of carbon emitted by producing one
unit of electricity. Renewable energy sources, such as wind or solar,
have significantly lower carbon intensities than fossil fuel-based
sources, such as gas or coal.

This has given rise to the concept of carbon awareness in com-
puting: aligning the execution of workloads with the availability of
low-carbon energy through temporal and geospatial load shifting.
The energy source dictates which signal workloads can be aligned
with. For hardware powered by on-site renewables, the amount
of available energy depends on the current production of these
renewables, which is often subject to weather conditions. Energy
production forecasts can be used as a signal [19]. When power is
instead supplied by regional electricity grids, workloads can be
aligned with the grid’s average carbon intensity [2], i.e., the av-
erage carbon intensities of all energy sources weighted by their
contribution to the current grid mix.

However, average carbon intensity ignores the effect of demand
on the electricity grid mix. When grid demand is higher than re-
newable supply, shifting workloads to these periods might require
fossil fuel power plants to increase production to meet the demand,
which would reverse any potential carbon savings achieved by the
shift. Therefore, marginal carbon intensity instead considers the

1Available at https://github.com/GlasgowC3lab/model_partitioning_loco2026

https://github.com/GlasgowC3lab/model_partitioning_loco2026
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carbon intensity of the energy that would be generated to fulfil the
increased grid demand. These signals are not always accurate, as
determining the marginal generator can be difficult in real grids.
Furthermore, while marginal carbon intensity can be a sensible
signal for online decision making, average carbon intensity is com-
monly used for carbon accounting.

Many grids further offer signals for grid demand in the form of de-
mand response programs (DRPs), which are schemes to incentivise
reducing and increasing electricity use during peak and off-peak
periods, respectively. These programs aim to stabilise grids and can
increase their sustainability, as they can prevent increased fossil
fuel-based energy generation during peak demand and renewable
energy curtailment due to low demand [15].

FL is well-suited for carbon and grid awareness since federa-
tions often span across multiple different electricity grids, client
participation can change from epoch to epoch, and deadlines are
usually flexible. At the same time, FL systems can be large-scale,
involving considerable training data and sizeable models, resulting
in significant energy consumption and emissions.

2.2 Model Partitioning
In this paper, we refer to model partitioning as splitting neural
networks into blocks consisting of one or more layers and then
distributing these over multiple devices. The client typically retains
the first blocks of the model and performs the forward pass for its
data before sending activations and labels to the server, which holds
the rest of the model. The server finishes the forward pass with
the received activations and calculates the gradients, which are
then transmitted back to the client to finish backpropagation. After
training concludes, the client- and server-side parts are combined
into a full-size model. Therefore, model partitioning can reduce the
computational load on clients without altering the size of the final
model.

Federated training with model partitioning is also referred to as
split learning. While early versions of split learning were sequen-
tial [6], this process was later parallelised in the form of split feder-
ated learning, where clients train in parallel and models are then
aggregated [17]. As layer types differ in computational complex-
ity and activation size, the optimal distribution of blocks between
client and server depends on the devices and the communication
capabilities between them [13].

3 Model Partitioning for Sustainable FL
We envision using model partitioning to reduce FL’s carbon emis-
sions by responding to local electricity grid conditions and on-site
energy availability, thereby optimising the use of low-carbon en-
ergy.

Using model partitioning to offload parts of the model training to
other participants can enable shifting energy consumption towards
the availability of low-carbon energy or low grid demand, which
could contribute to balancing supply and demand in electricity
grids. Offloading work instead of reducing participation where low-
carbon energy is unavailable increases fairness, as it allows clients
to contribute their data regardless of sustainability constraints. The
previously discussed carbon- and grid-aware signals can be used to
identify low-carbon energy availability or low grid demand.

Table 1: Partition point configurations used for the two ar-
chitectures considered. The partition point 𝑝 indicates the
last block in the client-side model.★ indicates the full model.

𝑝 ResNet VGG

1 Conv Conv Block (multiple Conv
+ MaxPool)

2 MaxPool Conv Block
3 - 5 Bottleneck Block (multiple

Conv)
Conv Block

6 Bottleneck Block Linear
7 AvgPool 2 Linear ★
8 Linear ★ -

In this work, we investigate how much energy consumption
model partitioning can shift between large-scale hardware to assess
the feasibility of this vision.

3.1 Experiment Setup
We conduct a preliminary experiment to explore how training a
partitioned model between client and server affects the individual
and total GPU energy consumption under FL training conditions.
We consider models with two different architectures split at several
different points between client and server.

We train client-side models on an NVIDIA L40S GPU and server-
side models on an NVIDIA H100 NVL GPU, measuring their power
consumption with nvidia-smi. We evaluate the 50-, 101-, and 152-
layer versions of ResNet [7] and the 11- and 19-layer variants of
VGG [14], two image classificationmodels widely used inmodel par-
titioning experiments. ResNet-50, ResNet-101, and ResNet-152 were
partitioned into 8 blocks of one or more layers and the significantly
more shallow VGG-11 and VGG-19 were partitioned into 7 blocks,
as shown in Table 1. The partition points were chosen manually
based on the model architecture, for example, after self-contained
blocks or pooling layers that reduce the activation size.

Each model is trained on CIFAR-10 [9] for 50 global epochs for
all block distributions. Our baseline, denoted as ★ in the figures
and tables, is partition point 𝑝 = 8 for ResNet and 𝑝 = 7 for VGG,
where the full model is trained non-partitioned on the client as in
vanilla FL. We use the SGD optimiser with batch size 128, learning
rate 0.001, and a momentum of 0.9, as these hyperparameters led
to well-performing models during tuning. All reported results are
the average of 3 individual runs.

3.2 Preliminary Results
ResNet. Figure 1 shows the GPU energy consumption at client

and server with different partition points. For later partition points
(𝑝 = 5, 6, and 7), the combined energy consumption of client and
server GPUs is similar to full training on the client. For earlier
partition points (𝑝 = 2, 3, and 4), the client consumed less energy
but the server more, so some energy consumption was essentially
shifted from the client to the server. Client energy savings also
scale with the model size. For example, partitioning the model at
𝑝 = 2 results in a 58% reduction in client energy consumption for
ResNet-50, 68% for ResNet-101, and 76% for ResNet-152 compared
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Table 2: Best test accuracy (%) for all model configurations. ★
denotes the non-partitioned FL baseline.

𝑝 ResNet-50 ResNet-101 ResNet-152 VGG-11 VGG-19

1 90.2 90.0 88.8 82.2 85.2
2 90.2 90.0 88.8 82.6 85.8
3 89.6 89.8 89.4 83.4 85.2
4 90.8 88.8 89.6 84.6 87.0
5 88.2 89.8 90.2 85.4 89.6
6 86.8 87.8 91.2 87.0 91.4
7 86.8 87.8 91.2 86.2 ★ 90.4 ★
8 86.0 ★ 87.6 ★ 88.2 ★ - -

Figure 1: GPU energy consumption of client and server for
all model configurations. ★ denotes the non-partitioned FL
baseline.

Figure 2: Total time for all ResNet configurations. ★ denotes
the non-partitioned FL baseline.

to full on-client training. The overall energy use is consistent across
all ResNet configurations, suggesting that energy consumption was

shifted without increasing it. For ResNet-152, partitioning at early
blocks even reduced the overall energy consumption by up to 29%
(𝑝 = 2) compared to full model execution, since a large portion of
the model was then trained on the more energy-efficient server
GPU.

Total time was similar across ResNet configurations, although
training took longer for earlier partition points for some models
(Figure 2). ResNet-50 saw an increase in total time of up to 29%
(𝑝 = 2), although this decreases to 15% (𝑝 = 2) for ResNet-101 and
no such effect is evident for ResNet-152, where full model training
took longer than all partitioned configurations and earlier partition
points resulted in time reductions of up to 19% (𝑝 = 4).

Overall, the results indicate a shifting overhead for 𝑝 = 1. Al-
though client energy consumption was reduced compared to the
baseline for all models, the total time and energy consumption were
significantly larger than for all other configurations.

As shown in Table 2, ResNet’s generalisation performance was
not negatively affected by partitioning, as the test accuracy was
lowest for 𝑝 = 8 and increased up to 4.8% for ResNet-50 (𝑝 = 4), 2.4%
for ResNet-101 (𝑝 = 1 and 2), and 3.0% for ResNet-152 (𝑝 = 6 and 7)
when partitioned.

VGG. For VGG-11, partitioning achieved only minor reductions
in client energy consumption of up to 7% (𝑝 = 5), as shown in Figure
1. VGG-19 saw client energy consumption decrease by up to 19%
(𝑝 = 2), although the total energy consumption slightly increased
for the configurations with the most client energy savings.

Both VGG models had lower total training times for later par-
tition points (𝑝 = 5 and 6) but early partition points showed an
increase of up to 204% for VGG-11 and 56% for VGG-19 (𝑝 = 2).

As for ResNet, 𝑝 = 1 also had the highest energy consumption
and total time for both VGG models.

VGG-11 and VGG-19’s test accuracy decreased up to 4.0% (𝑝 = 1)
and 5.2% (𝑝 = 1 and 3), respectively, for early partition points but
improved slightly for 𝑝 = 6 compared to the baseline (Table 2).

Discussion. The high total time and energy consumption at 𝑝 =
1 might be caused by communication overheads, as we estimated
a considerable data transmission overhead for most partitioned
configurations, which was largest for early partition points (150-
400× that of the FL baseline for 𝑝 = 1 compared with 1-2.5× for
𝑝 = 6 (VGG) and 𝑝 = 7 (ResNet)). However, how this data over-
head translates to energy consumption depends on multiple factors,
including the network path and conditions as well as the exact
energy attribution method. Given the highly static power draw of
core networks [12], the energy overhead could be considerably less
than the data overhead, and further work is required to quantify
and compare communication and training energy costs.

Both ResNet and VGG saw variations in test accuracy between
different partition points. Such fluctuations can likely be ascribed
to PyTorch implementation details, as previously observed by [3],
and should be studied further.

Overall, the effectiveness and overhead of shifting depend sub-
stantially on the partition point. As the optimal partition point
varies from one model to the next, careful selection of the parti-
tion point is crucial. VGG further benefitted less from partitioning
than ResNet, presumably due to architectural differences. The more
shallow VGG models, which can be trained efficiently in full on
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the client GPU, gained little speed-up from offloading to the more
performant server GPU but might have been more strongly affected
by the communication overhead, which increased the total time
and energy consumption for earlier partition points.

3.3 Signal-Based Shifting Potential
We briefly describe three scenarios that exemplify the potential
of using model partitioning in response to sustainability signals
under the assumption of sufficient client- and server-side node
availability.

On-Site Renewable Energy. We consider the partitioned training
of ResNet-101 between a cloud server and a client which is powered
by on-site solar energy with 0.45 kWh available for the training
duration. Our experimental results suggest that partitioning at
𝑝 = 3 and offloading later blocks to the server could reduce the
client’s energy consumption from 0.96 kWh to 0.43 kWh, ensuring
that the client almost completely uses its on-site renewable energy.
Changing the partition point during training might further enable
a more fine-grained adaptation of the client’s energy consumption
to optimally use all of the renewable energy available, and we leave
the exploration of this idea for future work.

Grid Carbon Intensity. We assume static average carbon inten-
sities 𝐶𝐼 for training ResNet-152 between a London cloud server
(𝐶𝐼 = 172 gCO2/kWh) and different clients across the UK, compar-
ing the partition point that led to the largest emission reductions
with the baseline of full model training on the clients2. For clients
with access to very low-carbon energy, where the overall emissions
are dominated by the server, partitioning would only result in mi-
nor savings. For example, for a client in South Scotland (𝐶𝐼 = 2
gCO2/kWh), offloading could reduce total emissions slightly from
71.0 gCO2 to 68.5 gCO2 (𝑝 = 7).

Splitting leads to larger benefits when the client carbon intensity
is higher, as it could decrease the carbon emissions of a client in
Yorkshire (𝐶𝐼 = 134 gCO2/kWh) from 257.6 gCO2 to 207.3 gCO2 (𝑝
= 2). For a high-carbon client in South Wales (𝐶𝐼 = 341 gCO2/kWh),
partitioning could cut the overall training carbon emissions in half,
saving about 271.8 gCO2 (𝑝 = 2).

We plan to investigate the question of optimal partitioning under
variable carbon intensities in subsequent work.

Demand Response Programs. For this example, we consider a
client participating in a DRP with the ability to offload part of its
ResNet-152 training to a cloud server. Assuming the DRP signal
demands an energy consumption reduction of 60% for the training
period, the client could comply by partitioning at 𝑝 = 3 or 𝑝 = 2 for
a 67% or 76% reduction, respectively.

Coordinating the participation of manywidely distributed clients
in possibly different DRPs is another avenue for future research.

4 Related Work
Previous works have proposed different methods to increase the
sustainability of FL. Most methods focus on client selection and
scheduling based on different sustainability signals, such as the
availability of on-site renewables [19], grid carbon intensity [2],

2Carbon intensities retrieved from https://carbonintensity.org.uk/

or DRPs [18]. Our work aligns more closely with methods that
use sustainability signals to dynamically reduce clients’ workload
through quantisation [18], pruning [10], or ordered dropout [1], yet
model partitioning has not been used as a method for this before.

Existing works on model partitioning have explored dynamically
adapting the layer distribution to fulfil certain optimisation criteria,
such as minimising energy consumption [5, 13]. Previous inves-
tigations of model partitioning from a sustainability perspective
do not consider carbon or grid signals [5] or are limited to infer-
ence [8], whereas we explore combining model partitioning with
sustainability signals for FL training.

5 Conclusion and Future Work
We believe that using model partitioning to shift energy consump-
tion within federations in response to carbon- or grid-aware signals,
such as carbon intensity, DRPs, or renewables availability, could
be a tool to make FL training more sustainable in the light of ris-
ing ICT sector carbon emissions. Our preliminary findings suggest
that this shift does not have to affect the learning performance
or total energy consumption for some partition points, although
additional experiments are needed with multiple clients as well as
other models, particularly those associated with substantial energy
consumption, such as large language models, and heterogeneous
hardware with less powerful GPUs, such as edge or consumer de-
vices.

In the future, we plan to evaluate partitioning in response to
different carbon- and grid-aware signals and to automatically de-
termine optimal partition points in dynamically changing systems,
which we expect to involve efficiently profiling and modelling the
impact of different block distributions on heterogeneous hardware
and under different network conditions. Furthermore, we intend
to explore decentralised offloading scenarios to optimally exploit
variability within geo-distributed FL systems.

Acknowledgments
This work was supported by the EPSRC Centre for Doctoral Train-
ing in Diversity-Led, Mission-Driven Research (DiveIn CDT), Grant
Number EP/Y034902/1.

Rights Retention
For the purpose of open access, we have applied a Creative Com-
mons Attribution (CC BY) licence to this manuscript.

Data/Code Availability
An open-source implementation of our model partitioning frame-
work is available at https://github.com/GlasgowC3lab/model_ par-
titioning_loco2026.

References
[1] Ali Abbasi, Fan Dong, XinWang, Henry Leung, Jiayu Zhou, and Steve Drew. 2024.

FedGreen: Carbon-Aware Federated LearningwithModel Size Adaptation. In 2024
IEEE International Conference on Communications Workshops (ICC Workshops).

[2] Jieming Bian, Lei Wang, Shaolei Ren, and Jie Xu. 2024. CAFE: Carbon-Aware
Federated Learning in Geographically Distributed Data Centers. In Proceedings of
the 15th ACM International Conference on Future and Sustainable Energy Systems
(e-Energy ’24).

https://carbonintensity.org.uk/
https://github.com/GlasgowC3lab/model_partitioning_loco2026
https://github.com/GlasgowC3lab/model_partitioning_loco2026


Could Model Partitioning Make Federated Learning More Sustainable? LOCO ’26, 10–11 September 2026, Lancaster, UK

[3] Justin Dachille, Chao Huang, and Xin Liu. 2025. The Impact of Cut Layer Selection
in Split Federated Learning. In 1st Workshop on Federated Learning for Unbounded
and Intelligent Decentralization (AAAI FLUID).

[4] Charlotte Freitag, Mike Berners-Lee, Kelly Widdicks, Bran Knowles, Gordon S.
Blair, and Adrian Friday. 2021. The real climate and transformative impact of
ICT: A critique of estimates, trends, and regulations. Patterns 2, 9 (2021).

[5] Chengwei Guo, Fanqin Zhou, Lei Feng, and Wenjing Li. 2024. Hierarchical
Multiple Split Federated Learning for Low-Carbon Resource-Constrained User
Equipment. IEEE Internet of Things Journal 11, 24 (2024).

[6] Otkrist Gupta and Ramesh Raskar. 2018. Distributed learning of deep neural
network over multiple agents. Journal of Network and Computer Applications 116
(2018).

[7] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. 2016. Deep Residual
Learning for Image Recognition. In 2016 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR).

[8] Hongyu Ke, Wanxin Jin, and Haoxin Wang. 2024. CarbonCP: Carbon-Aware
DNN Partitioning with Conformal Prediction for Sustainable Edge Intelligence.

[9] Alex Krizhevsky. 2009. Learning Multiple Layers of Features from Tiny Images.
Technical Report. Computer Science Department, University of Toronto.

[10] Yousheng Li, Tao Ouyang, Xu Chen, and Xinyuan Cao. 2024. FedCarbon: Carbon-
Efficient Federated Learning with Double Flexible Controls for Green Edge AI.
In 2024 IEEE/ACM 32nd International Symposium on Quality of Service (IWQoS).

[11] Alexandra Sasha Luccioni, Sylvain Viguier, and Anne-Laure Ligozat. 2023. Esti-
mating the carbon footprint of BLOOM, a 176B parameter language model. The
Journal of Machine Learning Research 24, 1 (2023).

[12] David Mytton, Dag Lundén, and Jens Malmodin. 2024. Network energy use
not directly proportional to data volume: The power model approach for more
reliable network energy consumption calculations. Journal of Industrial Ecology
28, 4 (2024).

[13] Eric Samikwa, Antonio Di Maio, and Torsten Braun. 2024. DFL: Dynamic Feder-
ated Split Learning in Heterogeneous IoT. IEEE Transactions on Machine Learning
in Communications and Networking 2 (2024).

[14] Karen Simonyan and Andrew Zisserman. 2015. Very Deep Convolutional Net-
works for Large-Scale Image Recognition. In International Conference on Learning
Representations (ICLR).

[15] Joana Sousa and Isabel Soares. 2023. The effect of demand response on CO2 Emis-
sions in the Iberian electricity market – Combining economic and environmental
perspectives. Energy and Climate Change 4 (2023).

[16] Emma Strubell, Ananya Ganesh, and AndrewMcCallum. 2019. Energy and Policy
Considerations for Deep Learning in NLP. In Proceedings of the 57th Annual
Meeting of the Association for Computational Linguistics.

[17] Chandra Thapa, Pathum Chamikara Mahawaga Arachchige, Seyit Camtepe, and
Lichao Sun. 2022. SplitFed: When Federated Learning Meets Split Learning. In
Proceedings of the AAAI Conference on Artificial Intelligence, Vol. 36.

[18] FeiWang, Lei Jiao, Konglin Zhu, Xiaojun Lin, and Lei Li. 2023. Toward Sustainable
AI: Federated Learning Demand Response in Cloud-Edge Systems via Auctions.
In IEEE INFOCOM 2023 - IEEE Conference on Computer Communications.

[19] Philipp Wiesner, Ramin Khalili, Dennis Grinwald, Pratik Agrawal, Lauritz Tham-
sen, and Odej Kao. 2024. FedZero: Leveraging Renewable Excess Energy in
Federated Learning. In Proceedings of the 15th ACM International Conference on
Future and Sustainable Energy Systems (e-Energy ’24).

[20] Carole-Jean Wu, Ramya Raghavendra, Udit Gupta, Bilge Acun, Newsha Ardalani,
Kiwan Maeng, Gloria Chang, Fiona Aga, Jinshi Huang, Charles Bai, Michael
Gschwind, Anurag Gupta, Myle Ott, Anastasia Melnikov, Salvatore Candido,
David Brooks, Geeta Chauhan, Benjamin Lee, Hsien-Hsin Lee, Bugra Akyildiz,
Maximilian Balandat, Joe Spisak, Ravi Jain, Mike Rabbat, and Kim Hazelwood.
2022. Sustainable AI: Environmental Implications, Challenges and Opportunities.
In Proceedings of Machine Learning and Systems, Vol. 4.


	Abstract
	1 Introduction
	2 Background
	2.1 Sustainability Signals
	2.2 Model Partitioning

	3 Model Partitioning for Sustainable FL
	3.1 Experiment Setup
	3.2 Preliminary Results
	3.3 Signal-Based Shifting Potential

	4 Related Work
	5 Conclusion and Future Work
	Acknowledgments
	References

