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Abstract
This work proposes DiLoCo-SWARM, a decen-
tralized training method that integrates infre-
quent gradient synchronization from DiLoCo
into SWARM’s fault-tolerant data-pipeline par-
allelism. Our experiments show that DiLoCo-
SWARM matches the generalization perfor-
mance of traditional SWARM while reducing
synchronization frequency by up to 50x. We an-
alytically show that DiLoCo-SWARM scales ef-
ficiently to larger models, with communication
savings increasing as model size grows.

1. Introduction
Modern foundation models contain billions of parameters
and are trained on trillions of tokens (Chowdhery et al.,
2022; Brown et al., 2020; Dubey et al., 2024; Gemini,
2024). Achieving this scale necessitates orchestrating thou-
sands of GPUs to distribute computation (Dubey et al.,
2024; DeepSeek-AI, 2024). However, conventional par-
allelization techniques rely heavily on high-bandwidth in-
terconnects to avoid communication bottlenecks. As a re-
sult, cutting-edge models are primarily trained in high-
performance clusters (HPCs). Operating these clusters in-
curs significant costs, thereby restricting research abilities
on foundation models to a select group of corporate and
state actors (Jaghouar et al., 2024a).

Decentralized training has emerged as a promising alterna-
tive. By leveraging low-cost, globally distributed compute
resources, decentralized training promises to democratize
access to model development. However, this paradigm shift
introduces substantial technical challenges, particularly in
accommodating latency and bandwidth limitations, hetero-
geneous compute environments and node failures.

While decentralized training efforts cannot yet match the
scale and efficiency of centralized training, the field has
made significant progress in recent years. INTELLECT-
1 (Jaghouar et al., 2024a), a 10B parameter model trained

1Author 2Supervisor. Correspondence to: Mika Senghaas
<mika.senghaas@epfl.ch>.

collaboratively across the globe, demonstrates this most
recently. The model builds on DiLoCo (Douillard et al.,
2023), a data parallel method that reduces communication
overhead by synchronizing gradients infrequently through
a dual optimization scheme. DiLoCo achieves competitive
performance with traditional data parallelization but only
synchronizes gradients every 500 steps instead of after each
step. However, DiLoCo requires each node to store a full
model replica, limiting participation to high-performance
hardware when training large models.

SWARM (Ryabinin et al., 2023) offers a promising, though
less explored, alternative for larger-scale decentralized
training. SWARM combines both data and pipeline par-
allelism and introduces several novel techniques to enable
fault-tolerant training in heterogeneous compute and net-
work conditions. By partitioning the model across nodes,
SWARM can train larger models and allow devices with
limited resources to participate. However, in its original
formulation, SWARM requires frequent gradient synchro-
nization within pipeline stages.

This work proposes DiLoCo-SWARM, a novel approach
that integrates DiLoCo-style infrequent gradient synchro-
nization into SWARM parallelism. Our key contributions
are:

1. Convergence. We demonstrate that SWARM paral-
lelism can effectively integrate DiLoCo and achieve
comparable validation perplexity to a synchronous
SWARM baseline, while requiring 50x fewer gradient
synchronization.

2. Communication Efficiency. We show that DiLoCo-
SWARM achieves increasing communication savings
over SWARM as the model size grows.

3. Robustness. We validate the robustness of DiLoCo-
SWARM to synchronization frequency, and model
sizes, underlining its robustness at scale.

We open-source the experiment code and results on GitHub
and Weights & Biases, along with a distilled version of the
training logic in a GitHub Gist with only a few hundred
lines of PyTorch code. We aim for these resources to foster
further open-source research on scaling DiLoCo-SWARM.
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2. Background
This section outlines the foundations of distributed and
decentralized learning, detailing core parallelization tech-
niques, key challenges, and recent solutions, with a focus
on the DiLoCo and SWARM methods that underpin our
proposed approach.

2.1. Distributed Training

In distributed training, n nodes collaboratively train a
model parameterized by weights θ, on a dataset of samples
D = {(x1,y1), . . . }. This collaboration requires periodic
communication of intermediate results between nodes.

Step 1 Step 2 Step 3 Step 4 Step T

(a) DP Communication. Two nodes in a DP group hold the full
model θ and a local data shard Di. In each step, they synchronize
local gradients via AllReduce (•).

Step 1 Step 2 Step T

(b) PP Communication. Two nodes in a PP group ( ) hold a
unique model shard θj and communicate activations and gra-
dients (point-to-point) to update their respective model shard.

Figure 1: DP and PP. Illustration of communication pat-
terns for n = 2 DP and PP groups, unrolled over T training
steps. Nodes are represented as boxes, and communication
as solid lines. The dotted lines indicate no communication.

In Data Parallelism (DP) (Dean et al., 2012), the dataset is
partitioned into n shards, with each node holding a unique
shard Di and a complete model replica θ. Training pro-
ceeds as follows: Each node samples a batch from its lo-
cal data shard, and computes local gradients through a for-
ward and backward pass. Before updating the model, nodes
synchronize gradients to ensure identical updates across all
nodes (Algorithm 1). Typically, the synchronization is per-
formed using an AllReduce operation. Figure 1a illus-
trates this communication pattern unrolled over T training
steps.

In Pipeline Parallelism (PP) (Huang et al., 2019), the model
is partitioned into n stages, with each stage holding a
unique subset of parameters θi. The full model is then rep-

Algorithm 1 Data Parallel Gradient Synchronization

1: Input: Local Dataset Di, Model θ(t−1), Optimizer
OPT, Loss L

2: Sample batch: xi ∼ Di

3: Compute gradient: gi ← ∇θ(t−1)L(xi; θ
(t−1))

4: Sync gradients: g ← 1
n

∑n
i gi ▷ AllReduce

5: Update model: θ(t) ← OPT(θ(t−1), g)

resented as a pipeline, where each stage processes a por-
tion of the input sequentially. Communication occurs in
two phases during training: activations are sent forward
through the pipeline during the forward pass, and gradients
are sent backward during the backward pass (Figure 1b).
Importantly, PP relies solely on point-to-point communi-
cation between adjacent stages without all-to-all synchro-
nization.

Despite its simplicity, PP is challenging to optimize in prac-
tice due to synchronization delays that cause GPU idle
time. For example, the first stage must wait for the full for-
ward and backward pass through the entire pipeline before
it can process the next input. Efficient PP implementations,
therefore, rely on techniques such as micro-batching and
advanced scheduling to minimize idle time and maximize
throughput (Harlap et al., 2018; Huang et al., 2019). Fur-
ther, for large models, the computation-to-communication
ratio grows in favor of PP communication, allowing to
”hide” communication latency behind computation (Fer-
nandez et al., 2024).

Both parallelization techniques may be combined. We will
refer to this form of hybrid parallelism as Data-Pipeline
Parallelism (DPP). In this approach, both the dataset and
model are partitioned into {Di}i∈[m] and {θj}j∈[n], result-
ing in a two-dimensional grid of m × n nodes, where the
(i, j)-th node is responsible for data shard Di and model
shard θj . Figure 2 illustrates the communication pattern for
a 2 × 2 DPP system. PP and DP communication is inter-
leaved: First, nodes within each PP group communicate ac-
tivations and gradients to accumulate local gradients inde-
pendently. Then, nodes synchronize local gradients within
each DP group before updating their model shard.

All described parallelization techniques produce equiva-
lent gradient updates and converge to identical model pa-
rameters θ(t). However, they differ fundamentally in how
computation and communication are distributed, which im-
pacts efficiency depending on model size, hardware, and
network configuration (Hagemann et al., 2024; Fernandez
et al., 2024).
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Figure 2: DPP. Illustration of communication patterns in a
hybrid parallelism (DPP) setup with a 2× 2 grid of nodes,
unrolled over T training steps. PP and DP communication
are interleaved: PP groups accumulate local gradients in-
dependently ( ). Then, DP groups synchronize gradients
before updating the model (•).

2.2. Decentralized Learning

Decentralized learning builds on foundational work in fed-
erated learning (FL) (McMahan et al., 2016), which en-
ables learning on a network of mobile devices that re-
tain private access to their own data and periodically share
local model updates with a central server for aggrega-
tion (McMahan et al., 2016; Wang et al., 2020). More
recently, decentralized learning has shifted toward large-
scale training on preemptible, low-cost hardware, often re-
ferred to as volunteer computing. While many FL con-
cepts remain relevant, modern research in decentralized
learning focuses on improving training efficiency under the
unique constraints of decentralized environments: orders-
of-magnitude slower interconnect, network and device het-
erogeneity, and instances joining and leaving training at
any time.

Recent research addresses these challenges: Zhang et al.
first explored fault-tolerant training on pre-emptible in-
stances, which SWARM extended to support hybrid par-
allelism in heterogeneous environments (Ryabinin et al.,
2023). Another key area of research concerns reducing
the communication volume of decentralized training to
combat the slow interconnect. DiLoCo (Douillard et al.,
2023) reduces the gradient synchronization frequency via
a dual optimization scheme, while DeMo (Peng et al.,
2024) synchronizes only fast-moving momentum compo-
nents. SPARTA (EXO, 2025) proposes to only communi-
cate a small random subset of gradients at each step.

Efforts to scale decentralized training to production sys-
tems are ongoing. Notable examples include collaborative
training platforms such as Transformers Together (Diskin
et al., 2021) and Petals (Borzunov et al., 2023), which en-
able distributed inference for large language models. The
recent INTELLECT-1 run (Jaghouar et al., 2024a) demon-
strated the feasibility of decentralized training at scale
by collaboratively training a 10-billion-parameter model

across the globe.

2.3. DiLoCo

In decentralized training, synchronizing gradients at every
step, as in traditional DP (Algorithm 1), can be prohibitive
due to slow interconnects. DiLoCo (Douillard et al., 2023)
addresses this limitation by reducing synchronization fre-
quency through a local-global optimization scheme, shown
in Algorithm 2. Each node trains locally for a fixed number
of steps, H , using a local optimizer. After H steps, nodes
compute their pseudo-gradient (the difference between the
initial and updated parameters) and synchronize it using a
global optimizer to update a shared model.

Algorithm 2 DiLoCo Gradient Synchronization

Input: Local dataset Di, Model θ(t−1), Optimizers
OPTL, OPTG, Loss L, Num. Local Steps H
Copy global model: θ(t−1)

i ← θ(t−1)

for H steps do
Sample batch: x ∼ Di

Compute gradient: gi ← ∇θiL(xi; θ
(t−1)
i )

Update local model: θ(t−1)
i ← OPTL(θ

(t−1)
i , gi)

Compute pseudo-gradient: ∆i ← θ
(t−1)
i − θ(t−1)

Sync pseudo-gradients: ∆← 1
n

∑n
i=1 ∆i ▷ AllReduce

Update global model: θ(t) ← OPTG(θ
(t−1),∆)

Figure 3 illustrates the communication pattern of DiLoCo
in contrast to DP (Figure 1a). Nodes only synchronize
pseudo-gradients every H steps. Empirical results show
that DiLoCo with H = 500 matches the generalization
performance of a synchronous DP baseline while reducing
communication by a factor of 500 (Douillard et al., 2023;
Jaghouar et al., 2024b). However, like DP, DiLoCo is lim-
ited by the memory capacity of individual nodes, making
it unsuitable for models that exceed local memory. Scal-
ing DiLoCo requires techniques such as gradient quantiza-
tion (Jaghouar et al., 2024a) or parameter offloading (Cui
et al., 2016).

2.4. SWARM

While DiLoCo reduces communication frequency, it does
not address memory limitations. Sharding the model across
nodes, as in pipeline parallelism (PP), is a natural solution.
However, traditional PP is poorly suited to decentralized
environments due to its sequential nature, which causes
significant idle time when nodes have heterogeneous per-
formance. Additionally, a single node failure can stall the
entire pipeline.

SWARM parallelism (Ryabinin et al., 2023) addresses
these limitations by introducing a fault-tolerant DPP ap-
proach. Rather than relying on a fixed grid of nodes,
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Figure 3: DiLoCo. Comparison of communication pat-
terns for a n = 2 DiLoCo group, unrolled over T training
steps. Unlike traditional DP, DiLoCo synchronizes pseudo-
gradients (•) every H = 2 steps, reducing total communi-
cation by a factor of 1/2.

SWARM constructs stochastic pipelines dynamically. Dur-
ing the forward pass, each node forwards activations to a
randomly selected peer in the next stage, with probability
proportional to the peer’s throughput. The backward pass
follows the same path in reverse to ensure gradient consis-
tency. Once all micro-batches are processed, nodes within
each stage form DP groups and synchronize local gradients
before updating their respective model shard.

This stochastic wiring approach has two key advantages:
(1) it naturally balances workloads in heterogeneous envi-
ronments by routing activations to faster nodes, and (2) it
enables the pipeline to recover from node failures by re-
routing activations or gradients to available nodes. As long
as each stage has at least one active node, SWARM remains
functional.

Step 1 Step 2 Step T

Figure 4: SWARM. Illustration of communication in a
2×2 SWARM. As in DPP, PP ( ) and DP (•) communica-
tion is interleaved. Crucially, any node may communicate
with any other node in adjacent stages, increasing fault-
tolerance and throughput in heterogeneous environments.

3. DiLoCo-SWARM
SWARM enables large-scale, fault-tolerant data-pipeline
parallel (DPP) training in decentralized settings by dynam-
ically constructing pipelines. However, its data-parallel
component still requires frequent gradient synchroniza-
tion, resulting in high communication costs. In contrast,
DiLoCo (Douillard et al., 2023) reduces synchronization

frequency through local-global optimization but is limited
by memory constraints in large models.

This motivates DiLoCo-SWARM, a decentralized train-
ing method that combines the communication efficiency
of DiLoCo with the scalability and fault-tolerance of
SWARM. By replacing SWARM’s data-parallel groups
with DiLoCo groups, DiLoCo-SWARM significantly re-
duces the frequency of costly all-to-all gradient synchro-
nization within SWARM stages (Figure 5).

Step 1 Step 2 Step T

Figure 5: DiLoCo-SWARM. The communication patterns
of DiLoCo-SWARM for 4 nodes in a 2× 2 grid. DiLoCo-
SWARM replaces SWARM’s frequent gradient synchro-
nization with less frequent DiLoCo-style synchronization
of pseudo-gradients (•).

3.1. Algorithm

Algorithm 3 describes the algorithmic details of DiLoCo-
SWARM. For simplicity, we assume a grid of m×n nodes,
though the method generalizes to any number of nodes per
stage.

Each node begins with a copy of the global model shard
θ
(t−1)
j . During the inner optimization loop, nodes per-

form H local steps, stochastically forwarding activations
and gradients to adjacent stages and updating their lo-
cal model shard θi,j using a local optimizer. After H
steps, nodes compute pseudo-gradients ∆i,j and synchro-
nize within their stage to update the global model shard θ

(t)
j

using a global optimizer.

DiLoCo-SWARM combines SWARM’s stochastic wiring
during local steps with DiLoCo to synchronize within
SWARM stages. In doing so, the method reduces the
points of gradient synchronization, resulting in more
communication-efficient training. In DiLoCo, gradient
synchronization is the only form of communication, so re-
ducing its frequency by a factor of H results in a pro-
portional reduction in communication cost. In DiLoCo-
SWARM, gradient synchronization is only a fraction of the
total communication cost, which comprises of both gradi-
ent synchronization and pipeline communication. There-
fore, the communication cost reduction depends on the
fraction of the total communication cost incurred by gradi-
ent synchronization. Furthermore, due to stochastic wiring,
gradients may depend on batches sampled from different
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data shards, resulting in data mixing across nodes.

Algorithm 3 DiLoCo-SWARM

1: Input: Data shard Di, Model shard f (j), Global model
shard parameters θ(t−1)

j , Loss L, Optimizers OPTL and
OPTG, Local Steps H

2: procedure FWDBWD
3: if j = 1 then ▷ First stage
4: Sample batch: xi ∼ Di

5: Forward: aij ← f
(j)
θij

(xi)

6: Send forward: send(aij , j + 1)
7: Receive backward: gi,j+1 ← recv(j + 1)

8: Compute gradient: gij ← gi,j+1 ·∇θijf
(j)
θij

(aij)
9: else if j = n then ▷ Last stage

10: Receive forward: ai,j−1 ← recv(j − 1)

11: Forward: aij ← f
(j)
θij

(ai,j−1)

12: Compute gradient: gij ← ∇θijL(aij)
13: Send backward: send(gij , j − 1)
14: else ▷ Intermediate stages
15: Receive forward: aij−1 ← recv(j − 1)

16: Forward: aij ← f
(j)
θij

(ai,j−1)

17: Send forward: send(aij , j + 1)
18: Receive backward: gi,j+1 ← recv(j + 1)

19: Compute gradient: gij ← gi,j+1 ·∇θijf
(j)
θij

(aij)

20: Send backward: send(gij , j − 1)
return gij

21: Copy global model: θ(t−1)
ij ← θ

(t−1)
j

22: for H steps do
23: Compute gradients: gi,j ← FwdBwd()

24: Update local model: θ(t−1)
ij ← OPTL(θ

(t−1)
ij , gi,j)

25: Compute pseudo-gradient: ∆i,j ← θ
(t−1)
ij − θ

(t−1)
j

26: Sync pseudo-gradients: ∆j ← 1
m

∑m
i ∆i,j

27: Update global model: θ(t)j ← OPTG(θ
(t−1)
j ,∆j)

Note: The recv and send functions perform many-to-one and
one-to-many communication with adjacent stages using stochas-
tic wiring. Details are abstracted away for brevity.

3.2. Implementation

We release a complete implementation of the proposed
method, along with a distilled, single-file training script
that supports DP, PP, DPP, SWARM, and DiLoCo-
SWARM. The implementation is designed for simplic-
ity, relying solely on PyTorch’s torch.distributed
package for communication.

The training script is minimal, consisting of only a few
hundred lines of code, making it an accessible resource
for researchers to explore and experiment with various dis-
tributed training techniques. It supports emulation of mul-
tiple nodes via threading and integrates with HuggingFace

for model and dataset loading.

While the implementation prioritizes readability over effi-
ciency, it provides a foundation for future work on decen-
tralized training systems. Inspired by open-source efforts
like NanoGPT (Karpathy, Andrej, 2024), we aim to fos-
ter further research and experimentation in decentralized
learning.

4. Experiments
In this section, we validate the effectiveness of DiLoCo-
SWARM through a series of experiments on a language
modeling task. Our experiments evaluate the impact of
DiLoCo-style gradient synchronization within SWARM on
convergence, communication cost, and scalability across
model sizes. The setup largely follows the experimental
protocol of DiLoCo (Douillard et al., 2023), with adapta-
tions for the SWARM framework.

4.1. Setup

We use the FineWeb-Edu dataset (Penedo et al., 2024), a
large pre-training corpus of educational web content, for
all experiments. As our model, we chose the GPT-2 fam-
ily (Radford, A. and Metz, L. and Chintala, S., 2019), fol-
lowing the original architecture hyperparameters, as sum-
marized in Table 1. To avoid additional gradient commu-
nication in pipelined settings, we do not share the weights
of the embedding matrix and language modeling head. Un-
less otherwise stated, we use GPT-2 Small with roughly
180M parameters. We always train from randomly initial-
ized weights.

Hyperparameters are adapted from the tuning done in
DiLoCo (Douillard et al., 2023): The default local opti-
mizer is AdamW (Loshchilov & Hutter, 2019) with a lin-
early warmed up learning rate of 4 · 10−4, and a weight
decay of 0.01. When DiLoCo is active, we use a Nesterov
optimizer with a learning rate of 0.7 and a momentum of
0.9 as the global optimizer. A detailed description of the
hyperparameters is provided in Table 3 in the Appendix.

Our main evaluation metric is the validation perplexity on
a held-out set of 10M tokens from FineWeb-Edu. We eval-
uate during and after training to show the convergence
against the number of training steps, as well as the total
communication cost.

All experiments were conducted on a single node with eight
co-located H100 GPUs on Prime Intellect Compute.

4.2. Main Experiment: DiLoCo-SWARM

Our main experiment compares DiLoCo-SWARM to two
baselines: a single-node setup and a standard SWARM con-
figuration. The weak baseline trains on a single GPU for
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Model Layers Heads Hidden Size Params

Tiny 4 4 128 ∼14M
Small 12 12 768 ∼180M
Medium 24 16 1024 ∼405M
Large 36 20 1280 ∼800M

Table 1: Model Sizes. GPT-2 configurations used in ex-
periments. Parameter counts reflect non-shared embedding
and head weights.

2,000 steps, with a batch size of 512 and a sequence length
of 1,024, resulting in a data budget of 1B tokens. The
strong baseline is a 4x2 SWARM setup (eight workers dis-
tributed across two pipeline stages), which performs step-
synchronous gradient synchronization. DiLoCo-SWARM
follows the same 4x2 setup but replaces step-synchronous
gradient synchronization with DiLoCo-style synchroniza-
tion every 50 steps. This reduces the communication cost
within data-parallel groups by a factor of 50.

Figure 6a shows that DiLoCo-SWARM closely matches the
strong SWARM baseline, with a final validation perplexity
of 30.15 compared to 30.22. This confirms that infrequent
gradient synchronization does not negatively impact con-
vergence.

Figure 6b shows the total communication cost for the same
experiment. Surprisingly, the total communication cost is
only moderately reduced in DiLoCo-SWARM compared
to SWARM. This finding points at an important differ-
ence between DiLoCo and DiLoCo-SWARM. In DiLoCo,
synchronizing gradients every H steps translates to a
proportional reduction in communication cost. DiLoCo-
SWARM, in contrast, combines pipeline and gradient syn-
chronization communication, and the former is unaffected
by DiLoCo. Therefore, the communication cost reduc-
tion depends on the fraction of the total communication
cost incurred by gradient synchronization. Figure 7 shows
the fraction of the communication cost for 4x2 SWARM
training increasingly larger models. It illustrates that DP
communication cost scales faster and dominates the total
communication cost for larger models. This is due to the
fact that increasing the model size only effects the pipeline
communication cost through the hidden dimension H (sub-
linear), while the cost for gradient synchronization is di-
rectly proportional to all model parameters. This finding
suggests that DiLoCo-SWARM is more effective in reduc-
ing the communication cost for larger models.

4.3. Communication Frequency Ablation

We investigate the impact of varying the synchronization
frequency within pipeline stages on convergence. Specif-
ically, we train five models with synchronization intervals

of {10, 20, 50, 100, 200} steps, using the same setup as the
main experiment.

Table 2 shows that generalization performance improves
with more frequent synchronization. Synchronizing every
10 steps achieves the best validation perplexity of 27.95 but
the performance degrades only mildly when decreasing the
frequency. It is worth noting that this is more frequent com-
pared to the 500 steps reported in DiLoCo. We attribute this
difference to a significantly larger number of training steps
in DiLoCo’s setup, allowing for less frequent synchroniza-
tion. We believe that with more training steps, a similar
frequency is feasible with DiLoCo-SWARM.

Freq. (steps) Val. PPL ∆ (Abs./Rel.)

10 27.95 -
20 28.61 +0.66 / +2.36%
50 30.15 +2.20 / +7.87%
100 30.49 +2.54 / +9.09%
200 31.27 +3.32 / +11.88%

Table 2: Communication Frequency Ablation. Valida-
tion perplexity at different synchronization intervals.

4.4. Model Size Ablation

Finally, we assess the scalability of DiLoCo-SWARM by
training four GPT-2 model sizes (Tiny, Small, Medium,
and Large) under the same conditions. Figure 8 shows
that DiLoCo-SWARM consistently improves validation
perplexity over the single-node baseline across all tested
model sizes. For all, but the GPT-2 Large model, DiLoCo-
SWARM outperforms the baseline by roughly 18%. We
attribute the GPT-2 Large outlier to untuned hyperparam-
eters, and hypothesize that similar results could be ob-
tained with more careful tuning. Overall, we conclude that
DiLoCo-style gradient synchronization scales effectively
to larger models for the range of model sizes tested.

5. Conclusion
In this work, we introduced DiLoCo-SWARM, a decentral-
ized training method that combines the communication ef-
ficiency of gradient synchronization of DiLoCo with the
scalability and fault-tolerance of SWARM parallelism. By
combining both methods, DiLoCo-SWARM reduces com-
munication costs without compromising convergence per-
formance.

Our experimental results on language modeling tasks us-
ing the GPT-2 family of models demonstrate that DiLoCo-
SWARM matches the generalization performance of tra-
ditional SWARM while reducing gradient synchronization
frequency by 50x. We analytically show that DiLoCo-
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Figure 6: Main Result. DiLoCo-SWARM matches the strong baseline in generalization performance, achieving a final
validation perplexity of 30.15. Despite synchronizing gradients 50x fewer times, DiLoCo-SWARM incurs only a moderate
reduction in total communication cost due to the dominance of pipeline communication in small models.
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Figure 7: Communication Cost Scaling We show analyti-
cally derived (log) communication cost incurred by DP and
PP communication for 4x2 SWARMs in the common train-
ing setup. PP communication dominates the total commu-
nication for smaller models, but DP communication domi-
nates for larger models.

SWARM shows stronger communication savings for larger
models, where data-parallel communication becomes the
dominant cost. These findings suggest that DiLoCo-style
synchronization is compatible with SWARM and can be
a practical solution for scaling decentralized training to
larger models.

6. Future Work
While this work demonstrates the feasibility of DiLoCo-
SWARM, several limitations remain, suggesting directions
for future research.

6.1. Hyperparameter Tuning

Our experiments assumed that the hyperparameters from
DiLoCo (Douillard et al., 2023) directly apply to DiLoCo-

SWARM. While these hyperparameters provide a reason-
able starting point, they may not be optimal for the different
dataset, model architecture, and training setup used in this
work. Future research should include a thorough hyperpa-
rameter sweep, focusing on key parameters such as batch
size, learning rates, and learning rate schedules. Given the
compute budget constraints, hyperparameter tuning should
first be conducted on smaller models and then extrapolated
to larger scales.

6.2. Training Duration

The experiments in this work were conducted on the GPT-
2 family of models, which are small by today’s standards.
Additionally, models were trained on less than 10 billion
tokens, meaning they were still in the early stages of train-
ing. In contrast, prior DiLoCo and SWARM experiments
trained models on over 50 billion tokens, requiring multi-
ple days of GPU time. To obtain more robust results on
late-stage training performance, future experiments should
consider increasing the data budget and training duration.

6.3. Decentralized Setting

All experiments were conducted on co-located GPUs with
fast and reliable interconnectivity. However, one of the
primary motivators for SWARM is to enable decentralized
training across heterogeneous and unreliable hardware with
slower network connections. While our findings suggest
that DiLoCo-style gradient synchronization is compatible
with SWARM, they remain to be validated in a truly de-
centralized setting with more pipeline stages and nodes per
stage. Future work should explore DiLoCo-SWARM in
real-world decentralized environments. This likely requires
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Figure 8: Scalability with Model Size. DiLoCo-SWARM
improves generalization performance over the single-node
baseline across different GPT-2 model sizes.

further optimizing the implementation of both DiLoCo-
SWARM, specifically SWARM’s fault-tolerant communi-
cation mechanisms. These optimizations are necessary to
conduct experiments at larger scales to harvest the full ben-
efits of DiLoCo-SWARM.
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A. Appendix
A.1. Training Script Invocations

Below we show example invocations for different distributed training algorithms. All examples use a GPT-2 Small model
and the FineWeb-Edu dataset as an example. For more details see the README on GitHub.

# Single GPU training
torchrun --nproc_per_node 1 src/train.py --swarm.num_stages 1 \

--model @configs/model/gpt2-small.toml \
--data @configs/data/fineweb-edu-10bt.toml

# Pipeline parallel training with 2 GPUs
torchrun --nproc_per_node 2 src/train.py --swarm.num_stages 2 \

--model @configs/model/gpt2-small.toml \
--data @configs/data/fineweb-edu-10bt.toml

# Data parallel training with 2 GPUs
torchrun --nproc_per_node 2 src/train.py --swarm.num_stages 2 \

--model @configs/model/gpt2-small.toml \
--data @configs/data/fineweb-edu-10bt.toml

# DiLoCo training with 2 GPUs
torchrun --nproc_per_node 2 src/train.py --swarm.num_stages 2 \

--train.outer_optimizer @configs/optimizer/nesterov.toml
--model @configs/model/gpt2-small.toml \
--data @configs/data/fineweb-edu-10bt.toml

# SWARM training with 4 GPUs
torchrun --nproc_per_node 4 src/train.py --swarm.num_stages 2 \

--model @configs/model/gpt2-small.toml \
--data @configs/data/fineweb-edu-10bt.toml

# DiLoCo-SWARM training with 4 GPUs
torchrun --nproc_per_node 4 src/train.py --swarm.num_stages 2 \

--train.outer_optimizer configs/optimizer/nesterov.toml
--model @configs/model/gpt2-small.toml \
--data @configs/data/fineweb-edu-10bt.toml

A.2. Hyperparameters

Table 3 shows the hyperparameters used throughout the experiments. The outer optimizer parameters is only used for
DiLoCo-style training. For non-DiLoCo runs gradients are averaged before performing a regular local optimizer step.

Hyperparameter Value

General Batch Size 512
Sequence Length 1024
Steps 2000
Num. Warmup Steps 50

Local Optimizer Name AdamW
Weight decay 0.01
Learning Rate 4× 10−4

Global Optimizer Name Nesterov
Learning Rate 0.7
Momentum 0.9

SWARM Num. Stages 2
Num. Nodes per Stage 4

Table 3: Hyperparameters
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