
Towards Decentralized and Sustainable
Foundation Model Training with the Edge
LEYANG XUE, The University of Edinburgh, United Kingdom
MEGHANA MADHYASTHA, Johns Hopkins University, United States
RANDAL BURNS, Johns Hopkins University, United States
MYUNGJIN LEE, Cisco Research, United States
MAHESH K. MARINA, The University of Edinburgh, United Kingdom

Foundation models are at the forefront of AI research, appealing for their
ability to learn from vast datasets and cater to diverse tasks. Yet, their signif-
icant computational demands raise issues of environmental impact and the
risk of centralized control in their development. We put forward a vision
towards decentralized and sustainable foundation model training that lever-
ages the collective compute of sparingly used connected edge AI devices.
We present the rationale behind our vision, particularly in support of its
sustainability benefit. We further outline a set of challenges that need to be
addressed to turn this vision into reality.

CCS Concepts: • Computer systems organization → Distributed archi-
tectures; • Social and professional topics → Sustainability; • Comput-
ing methodologies → Artificial intelligence.

1 Introduction
“Foundation models” [16], which are models trained at scale on
broad data that can then be adapted to a wide range of downstream
tasks, are at the heart of the current AI revolution. Such foundation
models leverage the power of generative AI and make AI a general-
purpose technology, heralding it into the industrial age [27]. They
span domains as diverse as natural language processing (NLP) [65],
computer vision (CV) [72], software development [34], networks [49,
54], biology [44] and more.
The immense promise that foundation models offer is in large

measure owed to their scale; they exhibit an “emergent” behavior
with model size and show a sharp rise in accuracy as they are scaled
up beyond a point and trained with large amounts of data [45]. This
has resulted in the compute demand for their training skyrocket-
ing in recent years, needing 1000s of AI accelerators (GPUs, TPUs,
etc.) [75]. Such high compute resource requirements comewith a sig-
nificant economic cost (e.g., [78]) and environmental cost (e.g., [38]),
affordable to only a handful of global entities mostly those who
run the cloud. This increasing centralization is a big impediment to
the collective development of AI to benefit all [14, 17, 85]. Not only
that, there is an enormous environmental cost that is rising rapidly,
again rooted in the compute-intensive nature of foundation model
development [58, 93]. Unsurprisingly then, AI has become one of
the big four contributors to global ICT-related carbon footprint [47].

In this paper, we put forward a vision centered on the “edge” as a
distributed computing platform to drive future foundation model
development in a decentralized and sustainable manner. The key
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idea is to harness the spare compute across an amorphous collection
of connected edge AI devices for foundation model training. There
are billions of such mostly idle edge devices across the globe that of-
fer ample opportunity to this end. The approach we advocate builds
on the pioneering works in the realm of volunteer computing [59],
aimed at harnessing the idle computing power from personal devices
for distributed computing tasks. SETI@home [6] is a notable exam-
ple that leveraged a million volunteered computers in the search
for extraterrestrial intelligence. Differently from these early works,
our focus is on enabling decentralized and sustainable foundation
model development via the edge at a lower overall carbon footprint,
while maintaining accuracy as with cloud-based training.

The decentralized aspect of edge-based foundationmodel training
is obvious. We make a case that it also enhances sustainability
overall by presenting our rationale through a three-step argument,
as outlined below and elaborated in §4.2:
• Edge devices are designed with energy efficiency in mind and in-

creasingly feature AI accelerators to support ML tasks, including
training. By comparing the energy consumption of cloud- and
edge-based training through a series of experiments, we show
that it can be several times more energy efficient to train with
edge devices.

• Edge devices are mostly idle (75% of the time in the case of smart-
phones) but have a high embodied carbon footprint. The latter
is unrelated to their operational use and instead linked to manu-
facturing, supply chain, and recycling. So, utilizing them better
helps amortize their high embodied carbon footprint.

• The above enables the opportunity to offload compute from the
cloud to the edge, thereby helping reduce the cloud-side carbon
footprint. This is because the baseline (embodied + operational)
carbon footprint of edge devices would always be incurred simply
by individuals owning them. Their better use can yield net gains
in carbon footprint due to their relatively better energy efficiency
and ample idle time. Our analysis shows that a 4–8× net carbon
footprint reduction is possible by replacing the overall carbon
footprint of a cloud GPU device with a small addition to the
operational carbon footprint of a set of edge devices providing
equivalent compute.
There have been some efforts in line with our vision aimed at

decentralized ML training with volunteered devices [25, 73, 74]
but they do not account for all the unique characteristics of the
edge environment (device heterogeneity and dynamism) and cru-
cially overlook the sustainability dimension altogether. Significant
challenges remain to be addressed to bring our vision to fruition,
including: (i) Distributed training methods for edge: Scalable and
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energy-efficient training requires edge-aware workload partitioning
and communication minimization, as well as accounting for the car-
bon footprint; (ii) Training task orchestration at the edge: Coordinat-
ing training tasks across dynamic edge environments demands fault
tolerance and low-overhead, carbon-aware scheduling; (iii) Holis-
tic, reliable and efficient energy consumption monitoring: Measuring
carbon impact at the edge requires accurate, low-overhead energy
monitoring across all hardware components. (iv) User incentives, se-
curity and privacy: These are key concerns that require maintaining
a seamless user experience when their devices are leveraged for
training, as well as efficient ways to achieve robustness and ensure
training process isolation on user devices.

2 Background

2.1 Foundation Model Development Process
Foundation models are characterized by three key traits: training
on massive datasets, large model sizes, and broad generalization
across tasks [16]. Large language models (LLMs), such as GPT-4,
are a prominent example. Similar models exist for other modalities
(e.g., Stable Diffusion [72] for vision) and for multimodal data (e.g.,
DeepSeek-VL2 [94], QWen2.5-VL [13]). Their development typically
involves two phases (Fig. 1): pre-training and fine-tuning.
Pre-training. In the pre-training phase, foundation models are
trained on vast datasets (e.g., 45TB in GPT-3) [18] typically through
self-supervised learning to develop a broad understanding of the
world, capturing general patterns, structures, and knowledge from
the data. Pre-training requires all model parameters to participate
as well as multiple levels of precision [87]. As the size of the dataset
and model is often beyond a single node’s capability, sharding of
pre-training computation is required to scale it out across multi-
ple computation and communication resources [104]. Pre-training
is not necessarily a one-time operation; recently, continual pre-
training [46, 81] has emerged to enable model pre-training over
multiple rounds on domain-specific data.
Fine-tuning. Pre-training is followed by fine-tuning to specialize in
specific tasks. Fine-tuning can be a lighter training that tunes models
to specific benchmarks (e.g., 300GB data in FLAN [91]) or capability
of chat [42, 84]. It can also be in the form of few-shot learning
trained on only a few representative samples [18]. Fine-tuning not
only has smaller data samples but also needs less computation when
model parameters are partially fixed or quantized [24]. Post-training
processes such as Reinforcement Learning from Human Feedback
(RLHF) [80] also involve fine-tuning foundation models, actively
with user/developer feedback. RLHF is either a continual process
that runs along with model inference or the model needs to be
retrained in order to adapt to new data [99].

Among the above two phases, pre-training is the most computa-
tionally heavy part followed by fine-tuning with RLHF.

2.2 Components of Carbon Emission
Carbon emissions for a computing device can be categorized into
two main types: (i) embodied carbon emissions encompassing all
the carbon released throughout the life cycle of the device before
it starts to be used or after its disposal, including manufacturing,
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Fig. 1. Foundation model development process.

transportation, and installation of materials and products [1, 28, 67];
(ii) operational carbon emissions arising due to electricity consump-
tion during operation of the device for computation and communica-
tion (data movement between processors/accelerators and memory,
over network), while accounting for power usage efficiency of the
computing infrastructure and carbon intensity of the energy source
powering the infrastructure [1, 7, 67]. 𝐶𝑂2 is one of seven different
greenhouse gases (GHGs) that cause global warming, but it is the
most common one. So, the emissions due to different GHGs are
expressed using 𝐶𝑂2 equivalent (𝐶𝑂2𝑒) as the common unit.
Carbon accounting is used to track the emissions from orga-

nizations, sectors, etc. This is being done for machine learning
(ML) workloads too. To account for “operational” carbon in the
ML context, tools like MLCO2 [53] and CarbonExplorer [1] com-
bine the power consumed (e.g., in 𝑘𝑊 ), workload duration (e.g., in
hours (ℎ)) and carbon intensity of the local electricity grid (e.g., in
𝑘𝑔𝐶𝑂2𝑒/𝑘𝑊ℎ) to estimate the operational carbon footprint (e.g.,
𝑘𝑊 ·ℎ ·𝑘𝑔𝐶𝑂2𝑒/𝑘𝑊ℎ). In contrast, the “embodied” carbon is harder
to track as it involves several different aspects. Encouraged by the
GHG protocol [35], holistic reporting of carbon emissions for com-
puting products is happening (e.g., Apple [9, 10]).

3 Motivation
Compute requirements for model training in the deep learning era
have exploded by 10-100 fold, increasing exponentially [75]. Con-
sidering the representative case of LLMs, the scaling laws [45] sug-
gest that achieving linear growth in accuracy requires exponential
growth in dataset size, model size and number of training iterations,
that in turn require an exponential growth in compute demand (in
terms of number and time on GPUs/TPUs). The aforementioned
three ways of scaling have a multiplicative effect on the compute
resource needed. Fig. 2a illustrates this relationship between com-
pute demand (in terms of petaflop-per-second needed to complete
training in one day (PFLOP/s-day) [18, 22]) and post-training model
accuracy on the MMLU dataset [39] for a range of models (shown
in Fig. 2b). Historically, models underwent size scaling (from XLM
to GPT3), which has been shown to be essential to align with hu-
man performance [103]. At present, models additionally leverage
data scaling, given that LLMs in particular and foundation mod-
els generally are usually under-trained with insufficient data [40].
Moreover, recent requirements on cross-domain [99], instruction-
handling [42, 84] and multi-modal capability [26, 31] of the models
further contribute to the growth in data and training length.
This rapidly growing compute demand for large model training

to advance the state-of-the-art has two undesirable implications:
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Fig. 2. High costs of foundation model development.

1. Centralization. As model training has high compute demand,
requiring tens of thousands of GPUs or other types of accelera-
tors [37], it can be incredibly expensive. For instance, each training
run of GPT-3 required at least $5 million worth of GPUs [78]. The
overall cost of training such models is significantly more as many
training runs are needed as they are developed and tuned. To make
the situation even worse, essential techniques like neural architec-
ture search might require the training of tens of thousands of neural
networks [105]. As a result, the computationally intensive nature
of foundation model development and the associated prohibitively
high economic costs naturally favor few resource-rich organizations,
leading to increased centralization of the ecosystem [14, 17, 85].
2. Unsustainable. The data center infrastructure to train LLMs and
foundation models consumes an enormous amount of power with a
potentially large carbon footprint. For instance, training ChatGPT
has a 10 Gigawatt-hour (GWh) energy consumption, equivalent to
the yearly consumption of 1000 US households [58]. To drive home
this point, in Fig. 2b, we report the estimated carbon footprint in
tons of 𝐶𝑂2𝑒 (𝑡𝐶𝑂2𝑒) for a range of foundation models to achieve
the increasing levels of accuracy on the MMLU dataset, as in Fig. 2a.
For this result, we use the carbon emission data from the papers of
the models [22, 65, 69, 70, 84] where available; Otherwise, we use
LLMCarbon [30]. This shows that the accuracy advancement comes
at the expense of exponential growth in carbon footprint. Both the
embodied carbon footprint (linked to renewing GPUs every 3-4
years [88]) as well as the operational carbon footprint of training in
a data center [66, 68] contribute to this trend. Crucially, this path of
advancement in foundation model is unsustainable [93].

4 Edge Centric Foundation Model Training

4.1 Vision
We posit that the edge can offer an effective alternative for decen-
tralized and sustainable foundation model development. The key
idea is to harness the spare (unused) compute across an amorphous
collection of edge devices for foundation model training. Crucially,
we seek to lower the overall carbon footprint associated with foun-
dation model training via the edge while maintaining the accuracy
as with cloud based training. Just as the notion of edge computing
itself is broad, there are a wide variety of edge devices [90]. For
our context, we focus on edge devices that are network-connected
and equipped with AI accelerators. Examples include smartphones
and laptops with GPUs and ML accelerators (e.g., Google Edge TPU,
Apple M3/A16, Samsung NPU). There exist billions of such suit-
able edge devices. Just considering smartphones alone, there are
currently over 6.5 billion of them [67]. Moreover, they are mostly
idle; typically usage ranges from 3-6 hours a day [12]. With the

right incentives, the massive scale and global scope of such edge
devices offers plentiful opportunity to select a subset of them with
collective compute capability matching that in the cloud to engage
in the process of foundation model training.

The approach we advocate to leverage idle periods of edge devices
is inspired by prior efforts like SETI@home [6], Computing While
Charging [11] and more generally, volunteer computing [59]. The
general idea behind these works is that performance-insensitive yet
computationally heavy tasks can be naturally distributed among
personal devices to reduce the cost. The BOINC framework [4] real-
ized this concept, tapping into approximately one million computers
volunteered by 600,000 individuals to power fundamental scientific
research, especially search for extraterrestrial intelligence [5, 48].
Subsequently, Arslan et al. [11] explored the potential for exploit-
ing unused compute in mobile devices during charging. Our work
builds on these above pioneering works with the vision of turning
the edge into a seamless distributed computing platform, motivated
by foundation model training as a compelling and timely use case.

4.2 Rationale

Energy-Efficient Edge Devices with AI Capabilities. Energy
efficiency is a principal consideration when designing edge device
hardware due to the following factors: (i) Power constraints: Edge
devices typically are battery-powered, so energy-efficient design
is necessary to extend the device’s operational lifetime between
charges [8]. (ii) Thermal constraints: Unlike in cloud data centers,
these devices typically lack sophisticated cooling systems. Thus,
they must be designed to minimize heat production and operate
effectively within their thermal budgets [77]. (iii) Task specializa-
tion: Modern edge devices are increasingly well-suited for machine
learning workloads, as they feature specialized computation units
for matrix multiplication, low-precision operations, etc. Hardware
heterogeneity is a hallmark of edge devices, both across different
devices and within a single device (e.g., the ARM Big.LITTLE archi-
tecture). These designs maximize both task performance and power
efficiency [50, 51].
To demonstrate the energy efficiency and suitability of edge de-

vices for ML training, we conduct experiments with three different
devices: (1) Smartphone with Snapdragon 888 SoC; (2) Apple Mac-
Book Pro laptop with M2 Pro chip; (3) Cloud GPU represented by
NVDIA A5000. We consider models from the OPT series [101]. First,
we pick a small OPT-125m model that can be trained using any of
the above three devices. Table 1 shows the result of training this
model on the MMLU dataset [39] for 100 steps with a batch size of
16 and sequence length 512. We observe that, although edge devices
fare worse by 2-10x in terms of training time compared to the cloud
GPU case, they have 1.5-7.5x lower energy consumption due to
15-20x lower power consumption.

Next, we choose a larger OPT-1.3B whose training can still be
done with a single cloud GPU but requires multiple edge class de-
vices. Specifically, assuming a homogeneous set of edge devices,
this model needs 4 laptops and 15 smartphones to hold all parame-
ters and training states. For distributed edge training, we use the
state of the art (SOTA) DT-FM method [98] that employs a com-
bination of data and pipeline parallelism. For this experiment, we
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Device Power Time Energy
Smartphone 10W 3510s 9.75Wh

(Snapdragon 888)
Laptop 15W 480s 2Wh
(M2 Pro)

Cloud GPU 220W 250s 15.28Wh
(NVIDIA A5000)

Table 1. Energy efficiency of ML training with single
device considering OPT-125m model.

Device Energy
Cloud GPU 152Wh

(NVIDIA A5000)
4 Laptops 27Wh
(M2 Pro)

15 Smartphones 98Wh
(Snapdragon 888)

Table 2. Energy efficiency of distributed
ML training across edge devices with
DT-FM and OPT-1.3B model.
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Fig. 3. Training energy consumption comparison across cloud
and edge settings for different OPTmodel sizes with an idealized
distributed training method.

keep the dataset and training hyperparameters the same as in the
last experiment. Assuming homogeneous and symmetric network
bandwidth of 10MB/s for each edge device and 0.5W peak power
for their WiFi communication modules [82], results in Table 2 show
that distributed training across edge devices still offers 1.5-5x better
energy efficiency compared to training with a cloud GPU, even after
accounting for communication related energy consumption.

Building on the above two experiments where two specific model
sizes are considered, we now study generalization across different
model sizes. To this end, for fair comparison between cloud and
edge settings, we consider an idealized1 training method in order to
factor out the differences arising due to specific distributed train-
ing methods employed in the cloud (e.g., [61]) and those designed
for the edge (e.g., [98]). Fig. 3 shows the energy consumption com-
parison for distributed training with cloud and edge devices as a
function of varying model size, again considering OPT series of
models. The idealized distributed training method as outlined above
is used throughout the paper. Note that depending on the model
size, multiple devices are required for training in both cloud and
edge settings. From the results in Fig. 3, we observe that the energy
efficiency of edge devices relative to cloud GPU devices contributes
to lower overall training related energy consumption with edge
devices. This is particularly pronounced with the laptop case. In
general, these results highlight the potential for lowering training
related energy consumption with edge devices by 1.5-4x compared
to the cloud case across a range of model sizes.
Low Utilization and High Embodied Carbon Footprint. As
already noted above, edge devices often stay idle. For smartphones,
this is at least 75% of the time [11, 12, 79]. At the same time, these
devices possess powerful compute capabilities to efficiently perform
AI tasks including training. On the flip side, edge devices have a
rather high embodied carbon footprint, as highlighted in Fig. 4
that compares the carbon footprint of mobile and laptop devices
against a data center GPU device (H100) over a 3-year period. For the
mobile device, we use the average reported data fromApple’s official
product environmental report of iPhone 15 [10]. For the laptop case,
we use the data from a similar report for MacBook Pro for its 3-year

1The idealized training method models training as a series of operators in a directed
acyclic graph (e.g., [104]), with a controller distributing the computation of operations
across devices. The communication load includes the model size and all intermediate
results. The controller can aggregate gradients locally during forward and backward
propagation without additional communication, as devices transmit output from each
operator back to the controller without peer-to-peer broadcasting. In addition with
this ideal method, the gradient for each parameter is transmitted only once and the
intermediate result in each layer is transmitted from devices only once so that the total
data transmitted is model size + (intermediate size * number of layers) for each batch.
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lifetime [9]. We use NVIDIA H100 GPU as a representative data
center GPU device and estimate its carbon footprint following the
methodology from MLCO2 [53] and using the carbon intensity of
the electricity grid averaged across North America and Europe. The
embodied carbon per GPU is estimated as one eighth of the server
footprint [67], given a typical GPU server has 8 GPUs.
We make two key observations from this comparison: (1) car-

bon footprint for edge devices is dominated by embodied carbon
footprint, over 80% for mobile devices (see left y-axis), in line with
the observation in previous studies [67]. Low utilization of edge
devices contributes to amplifying the proportion of their embodied
carbon footprint. On the other hand, operational carbon footprint is
significant for data center GPU devices. (2) Data center GPU devices
have significantly higher absolute amount of carbon footprint for
the compute capability they offer (see right y-axis). For example,
compared to the laptop case, data center GPU has at least an order
of magnitude higher carbon footprint for 5x more compute capabil-
ity (H100 has 267 TFLOPS versus 53 TFLOPS of M2-Ultra for FP16
computation). Considering the cloud data center infrastructure as a
whole, e.g., further including footprint for CPUs and server cooling,
make this comparison worse for the data center case.
Cloud to Edge Computation Offloading Opportunity. We fur-
ther observe that the carbon footprint associated with personal
devices at the edge (as shown in Fig. 4) would always be incurred
simply by their ownership and baseline use. This includes the rather
high embodied carbon footprint plus the operational carbon linked
to the typical use of an edge device. Better utilizing them (with a cor-
responding marginal increase in their operational carbon footprint)
can help amortize their high embodied carbon footprint. Crucially,
doing so has a bigger payoff in enabling the computational tasks
such as foundation model training to be shifted/offloaded from the
cloud to the edge, thereby reducing the corresponding carbon foot-
print (both embodied and operational) on the cloud side.
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Fig. 5 highlights the aforementioned offloading opportunity, reusing
the data from Fig. 4. Considering a 3-year replacement cycle across
the board, the total carbon footprint for the data center GPU (H100)
is estimated to be 7 𝑡𝐶𝑂2𝑒 following themethodology fromMLCO2 [53]
and using average carbon intensity for Europe and North America
for each of the years in the period 2021-23 [20]. To obtain the same
compute capability in terms of FLOPS, we estimate needing 15 (M2
Pro) laptops or 69 (Snapdragon 888) smartphones assuming an ad-
ditional 8 hour daily usage per device while charging [8, 11, 67].
Increase in operational energy use and corresponding carbon foot-
print for both types of edge devices is shown in Fig. 5. We observe
that the computation from a data center GPU device can be fully
offloaded to smartphone (laptop) devices with equivalent compute,
resulting in a net reduction of 8x (4x) in total carbon footprint.
Fig. 5 also shows the increased communication related opera-

tional carbon footprint when edge devices participate in foundation
model training 8 hours daily while they are being charged. Here we
consider training the OPT-1.3B. We estimate this communication
related carbon footprint using the WiFi communication related car-
bon emissions from prior work [82] for single devices and multiply
that with the equivalent number of edge devices (15 laptops or 69
smartphones to match the cloud GPU’s compute capability). We
only consider a single cloud GPU in isolation for this analysis, and
thus the communication overhead in that case is zero. We observe
that even after accounting communication related carbon footprint,
offloading to smartphone (laptop) type edge devices can still result
in net reduction of 6x (3.5x) in total carbon footprint.

4.3 Related Work
Foundation model training is computationally intensive, requiring
a large number of accelerators [37] and so is expensive. To cut the
costs, recent works use spot instances (e.g., [43, 83, 98]) or multiple
different clouds [96] but these do not lower the carbon footprint
associated with cloud computing facilities.
In line with our vision in §4.1, some recent works pursued de-

centralized training with volunteered devices [25, 73, 74]. However,
these works do not fully consider the unique characteristics of the
edge environment that include device heterogeneity (in terms of
compute and communication) as well as dynamism (in terms of
participation and failures). Some of these works are also not suitable
for large model training (e.g., [25]). Crucially, all these prior efforts
aim solely at training efficiency and overlook the sustainability
dimension altogether. Focusing only on optimizing training perfor-
mance without regard to sustainability may result in an undesirably
high carbon footprint. For example, devices with a higher embodied
carbon footprint can be excessively used to maximize the training
speed. As another example, devices in regions powered by the grid
with high carbon intensity can end up being used, causing a higher
operational carbon footprint as suggested by the analysis in [67].

Federated Learning (FL) [57] is a well-known distributed learning
approach designed with edge devices in mind. However, the scenario
targeted by FL is different from our aim to leverage edge devices for
foundation model training in terms of the following three aspects:
(i) Model: FL is akin to data parallelism [55] and typically assumes
that the model can fit within the memory of a single device [21]. In

contrast, foundation models including LLMs exceed the memory ca-
pacity of individual devices and so need to be sharded across devices.
(ii) Data: FL is designed to ensure the privacy of data held on individ-
ual devices [57], whereas foundation models (e.g., [84]) are typically
trained on large publicly available datasets, so our setting is more
flexible with respect to data movement. (iii) Algorithm: Non-IID data
is a defining characteristic of the setting that FL targets [57] which
necessitates the use of specialized optimizers and client selection for
higher model accuracy [29, 57, 71]. Our foundation model training
setting does not present such a requirement. Moreover, even for
training models that can fit in a single edge device, a recent anal-
ysis [67] highlighted energy efficiency concerns with the training
method underlying FL.

Recently, [82] proposes repurposing discarded phones to create a
compute cluster they call “Junkyard Computer”. Similarly, accelera-
tors from discarded phones can be put together as a server [76, 100].
The motivation is to effectively extend the lifetime of such discarded
phones and amortize their high manufacturing related embodied
carbon footprint. At a broad level, we share the same motivation.
However, our means to that end are different and complementary
via better utilizing edge devices that are operational and without
modification. Furthermore, unlike [82], we have a particular focus
on challenges associated with large ML model training with edge
devices. For this purpose, operational devices have higher energy
efficiency and better capability for training (e.g., with cutting-edge
edge device accelerators).

5 Challenges and Potential Solutions
Decentralized training of foundation models using edge devices
promises a democratized and sustainable path to AI. However, real-
izing this vision requires overcoming several key challenges. Unlike
centralized cloud infrastructures, edge environments are inherently
heterogeneous, intermittently available, and constrained in compute,
memory, and energy capacity. To make edge-based training viable
and competitive with cloud-based alternatives, it must achieve com-
parable training throughput and time-to-convergence, and maintain
model fidelity using the same architectures, optimizers, and hyper-
parameters.
Distributed training methods for the edge. Training foundation
models at the edge must account for heterogeneous compute, vari-
able connectivity, and dynamic device participation, all while mini-
mizing carbon footprint. Although edge devices collectively offer
ample compute, communication overhead grows rapidly with scale
and can potentially dominate energy usage. Existing compression
techniques [24, 33, 87, 89, 95] reduce communication but are typi-
cally limited to fine-tuning due to accuracy concerns. While energy
costs of wide-area data transmission are relatively lower—around
0.001 kWh/GB [2, 36]—compared to local computation (at least 0.02
kWh/GB), the overhead still compounds with inefficient communi-
cation patterns and should not be overlooked. The key challenge is
to design distributed training methods that optimize both speed and
carbon footprint by flattening communication-related energy costs
as the system scales. A potential solution is to use hybrid forms of
parallelism strategies (e.g., data + tensor parallelism) in conjunction
with dynamic workload scheduling that maximizes parallelism and
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adapts to diverse characteristics across devices including bandwidth
availability.
Training task orchestration at the edge. Orchestrating training
across edge devices must balance fault tolerance, training speed, and
carbon footprint for effective operation within a highly dynamic
and resource-constrained environment. A unique aspect of edge
devices is that they are susceptible to thermal throttling. This means
sustained compute loads cause an increase in device temperature
and trigger hardware-imposed slowdowns, which in turn increase
latency and reduce energy efficiency.
On the fault tolerance front, traditional methods (e.g., check-

pointing [43, 56, 86], replication [83], and recomputation [73, 97])
pose trade-offs between carbon footprint and recovery latency,
with replication increasing carbon costs and recomputation risking
slowdowns. Achieving seamless fault tolerance with minimal over-
head requires identifying Pareto-optimal strategies suited for dense,
communication-bound edge training workloads. Furthermore, sus-
tainable orchestration must incorporate thermal- and carbon-aware
device selection and remain lightweight compared to existing frame-
works [15, 52, 60].

In addition, efficient management of millions of edge devices and
connections using a limited number of server-side resources re-
quires highly scalable and low-overhead coordination mechanisms.
A promising direction is to leverage historical device activity and
energy profiles to guide carbon-efficient scheduling, while enabling
lightweight, decentralized orchestration with built-in support for
preemptible execution and fast state recovery via proactive partial
replication or reactive live migration. Techniques such as hierarchi-
cal orchestration architecture, event-driven communication, sparse
state synchronization, and pub-sub messaging systems can further
minimize coordination overhead.
Holistic, reliable and efficient energy consumption monitor-
ing. Accurate energy monitoring is essential for environmentally
sustainable training on edge devices, as it enables quantifying the
operational carbon footprint, identifying inefficiencies, and inform-
ing carbon-aware scheduling and incentives. Reliable measurements
are essential to evaluate and optimize the environmental impact
of training workloads, particularly in heterogeneous and resource-
constrained edge environments. Existing methods are often GPU-
or cloud-focused [1, 19, 23, 30, 53] and fail to account holistically
for other system components like memory, storage, and networking.
Moreover, software-based tools offer only coarse-grained measure-
ments [32, 64], missing the sub-millisecond energy dynamics of ML
operations and riskingmisattribution of energy use [7]. The key chal-
lenge is to create cross-platform solutions that remain lightweight,
accurate, and holistic across diverse edge devices. A promising di-
rection is to develop accurate, component-level energy models that
can infer fine-grained consumption patterns and use coarse-grained
measurements for periodic calibration.
Security and privacy. Security and privacy are critical to enable
decentralized and sustainable distributed training, as trust in the
platform underpins long-term, collaborative model development.
Attacks on data or model parameters can waste compute resources
and increase carbon cost through retraining or recovery. While cur-
rent solutions like confidential computing [41, 63] or encrypted

training [92, 102] focus on local and computation-rich settings,
scalable and low-overhead protections are needed for distributed,
resource-constrained environments. In addition, these methods do
not prevent data poisoning attacks such as adversarial model up-
dates. Although the use of public datasets and open-source models
can mitigate some privacy concerns, the training platform must still
operate under zero-trust assumptions, as it may run alongside other
user applications and thus be vulnerable to attacks. A potential solu-
tion is to incorporate lightweight, decentralized anomaly detection
and attestation protocols that verify input data integrity and model
behavior in real-time, enabling secure training without incurring
the overhead of heavy cryptographic methods.
User incentives. To build a sustainable large-scale training plat-
form leveraging user devices, incentivizing participation must go
beyond economic rewards to include environmental awareness. Cur-
rent systems offer service credits (e.g., NetMind [62], Aioz [3]), but
few encourage behaviors like charging during cleaner energy hours
or using efficient chargers. Since training adds compute andmemory
load, it can degrade user experience and charging efficiency, neces-
sitating careful coordination. The challenge lies in enabling pre-
emptible, seamless training with fault-tolerant recovery, informed
by user activity and energy conditions. It would be more beneficial
to reward users not only for contributing compute but also for align-
ing their participation with low-carbon and high-efficiency energy
windows (e.g., more hours during days with solar power), using
lightweight client-side monitors to track availability, charging state,
and responsiveness.
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