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In recent years, deep learning has seen significant growth, achieving state-of-the-art performance across diverse domains, such as
computer vision, natural language processing, and medical imaging. However, because processing massive datasets and models with
billions of parameters outpaces the capacity of single computing nodes, transitioning to distributed machine learning systems has
become necessary. In this survey, we provide an overview of the current distributed machine learning (DML) landscape, by first
describing the foundational concepts for distributed learning systems and then analyzing distributed architectures such as Parameter
Server, All-Reduce and Gossip Learning. We then dig into the specific challenges of training and handling large language models
(LLMs), describing the advanced techniques and optimizations that have been developed to address the challenges of dealing with
huge models and datasets. Finally, we conclude by highlighting open research issues in the field of DML and outlining future directions

for research and development.
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1 Introduction

During the past decade, the field of Deep Learning (DL) has witnessed extraordinary empirical success, as a result of
breakthroughs in natural language processing [49], computer vision [27], and autonomous systems [5]. This progress is
driven by multiple factors, including the increasing number of model parameters [25], the volume of training datasets
[19], and the computational power of the hardware infrastructure.

In the modern DL landscape, due to the scaling laws [25] of large language models (LLMs), there is a strong scaling
relationship between parameters and data, in which the required data volume grows with the model size. This results
in a data-intensive paradigm that must handle tens to hundreds of terabytes (and occasionally petabytes) of raw data.
From the point of view of the models themselves, the transition into the current era of LLMs was accelerated by
transformer-based architectures, with models such as BERT [13] and GPT-3 [6]. The latter consisted of 175 billion
parameters, was trained on 300 billion tokens, and this scaling trend continues with the latest models.

As the memory footprint and computational power required to train and handle these models have surpassed the

physical capacity of any individual computing node, designing an efficient distributed training system has become
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fundamental [41]. This has led to the development of distributed machine learning (DML) architectures that address the
challenges of scaling out distributed training [16, 18, 29].

1.1 Objectives and Structure

The purpose of this paper is to provide a comprehensive survey of a representative set of state-of-the-art (SOTA)
architectures for DML and systems for training LLMs, with a particular focus on the challenges and solutions related to
scaling up model size, optimizing communication efficiency, and managing resource constraints using clusters of nodes.

The paper is organized as follows:

e Section 2: Background on Distributed Machine Learning provides an overview of the fundamental DML
concepts and a high-level description of what an LLM is. In this section, we introduce the limits of the centralized
training paradigm and the motivation for distributed approaches, highlighting the core parallelism strategies,
the essential topologies for distributed training systems, and the different consistency models.

e Section 3: Distributed Architectures provides a description of the three main architectures for DML, analyzing
their trade-offs in terms of scalability, communication efficiency, and fault tolerance. In the last part of this
section, we discuss the most important frameworks for distributed training, highlighting their features and
limitations.

e Section 4: Distributed Training of LLMs discusses the specific challenges of training LLMs, including the
importance of the communication infrastructure, advanced parallelism techniques, and specific optimizations for
training such models. Additionally, it introduces specific frameworks that have been developed to train LLMs.

o Section 5: Conclusions synthesizes the remaining open research issues in the field of DML and outlines future

directions for research and development.

2 Background on Distributed Machine Learning

Before examining specific distributed training architectures, this section covers the core principles of DML and the
trade-offs between model size, compute efficiency, and network overhead.

We first begin by reviewing the fundamentals of empirical risk minimization and stochastic gradient descent, which
provide the basic mathematical framework for model training. We then introduce LLMs, which represent the main
focus of this study, highlighting the key architectural components. Following this, we discuss why workloads are scaled
horizontally. Next, we analyze the core principles of distributed training systems: partition strategies, communication
topologies, and synchronization consistency models. Finally, we address the primary bottlenecks that limit efficiency

when scaling out.

2.1 Machine Learning and Stochastic Gradient Descent

In supervised machine learning (ML), the goal is to find the parameters w that minimize the expected value of a given
loss function L(y, f(w;x)). Here, x € X represents the input, y € Y denotes its corresponding true output label, and
f(w;x) is the model’s prediction. In other words, the loss function L(y, f(w;x)) measures how close the predicted label
is to the ground-truth. In this way, the model learns the pattern in the data and is able to make accurate predictions on
new data by minimizing the loss function.

To estimate the expected risk, empirical risk minimization (ERM) is performed on a training dataset Dipin =
{(x1,yi) } ;™ composed of nrain independent and identically distributed (IID) samples. Mathematically, the optimization
Manuscript submitted to ACM
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problem (Eq. 1) and the gradient descent algorithm (GD) (Eq. 2) are defined as:

Mirain
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where t denotes the training step, w; represents the model parameters at step ¢, and 7 represents the learning rate
hyperparameter. However, traditional GD computes the multi-variable derivative on all the training examples at each
iteration, which makes it computationally expensive and often infeasible to apply on large datasets.

To alleviate this problem, Stochastic Gradient Descent (SGD) is introduced and computes gradients using only a
single randomly selected data sample d; (or a small mini-batch) at each timestamp ¢. The parameters are updated
according to the following relation:

we =We—1 — - VL(w_13d;) ®3)
In this way, a trade-off between computational efficiency and convergence quality is achieved [45].

The shift from ML to DL is marked by systems that also learn the representation of the input data. This leads to
additional parameters that allow the models to capture complex patterns and relationships in the data. For this reason,
the number of parameters in DL models is usually very large, so the optimization problem becomes complex and
requires sophisticated techniques to guarantee convergence. In particular, SGD is often combined with optimization
techniques such as momentum, adaptive learning rates, and regularization methods to improve convergence speed and
generalization performance. An example is the Adam optimizer [26], which combines first-moment (momentum) and
second-moment estimates of the gradients to adaptively adjust the effective learning rate for each individual parameter.

In DL pipelines, the process of returning the model’s predictions (f(w; x)) is called the forward pass, while we call
backward pass the process of computing the gradients (and updating of the parameters). These forward and backward

steps are executed repeatedly over the whole dataset, in cycles known as epochs, to obtain the final trained model.

2.2 Foundational Concepts of LLMs

LLMs are a class of deep neural networks optimized to work on natural language. Given a preceding text context,, they
are specifically trained to predict the next token in a text sequence in an auto-regressive manner.

The architecture of LLMs is typically based on the Transformer model [49], which uses self-attention mechanisms
to capture dependencies in text data. The original transformer architecture consists of an encoder-decoder structure,
while modern models tend to be decoder-only. In general, LLMs consist of multiple stacks of these blocks to capture
more complex patterns.

The attention mechanism works by computing attention scores that determine how much each token should
contribute to the representation of the current token being processed. The transformer architecture also consists of
feed-forward neural networks, layer normalization, and residual connections to enhance stability and generalization.

Within each attention layer, input activations are projected into query (Q), key (K), and value vectors (V) using dense

weight matrices. The canonical attention mechanism is defined as:

. QKT
Attention(Q, K, V) = softmax Vv
Vi

where dj is the dimensionality of the key vectors.
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However, these multi-head attention layers and Multi-Layer Perceptrons (MLPs) have billions of parameters, making

LLMs significantly memory-intensive and computationally demanding.

2.3 Limits of the Centralized Training Paradigm

The process of training modern DL models typically requires computational power that cannot be handled by a single
machine. This has resulted in the development of distributed training paradigms that partition the workload across
multiple nodes in a cluster [10].

In this approach, instead of scaling up the infrastructure by adding more powerful hardware to a single machine,
the standard is to scale out the system. This results in a distributed architecture where multiple nodes collaborate as a

single unit. In particular, distributed systems have the following advantages:

o Lower equipment cost: it is often cheaper to deploy a cluster of commodity hardware nodes rather than to invest
in a single high-end machine. Moreover, this approach allows for incremental scaling if needed.
o Fault resilience: the system no longer depends on a single point of failure. This is especially important for

long-term training jobs [22] where failures are more common to happen.

Despite these advantages, horizontal scaling is not a silver bullet. In fact, the communication overhead and synchro-
nization requirements of distributed training can introduce significant bottlenecks that can compromise the efficiency

of this approach. For this reason, in this work we investigate the different approaches to overcome these challenges.

2.4 Partitioning Strategies

We can partition the training workload across a distributed system in several ways, and the selection of the partitioning
strategy is critical, as these approaches significantly impact training efficiency. The main strategies for partitioning the

workload in DML include data parallelism, model parallelism, pipeline parallelism, and hybrid approaches.

Trained Model (M) Trained Model (M) Trained Model (M)

M M M M(1) [+~ M@2) =~ M(@Q)
D(1) D) DE) D(1) D) D@)
! !

Data Data Data
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(a) Data Parallelism (b) Model Parallelism (c) Pipeline Parallelism

Fig. 1. Partitioning Strategies.

2.4.1 Data Parallelism. In data parallelism, a replica of the entire model is assigned to each node. The training dataset,
on the other hand, is partitioned into distinct shards that are distributed across the nodes. Each worker computes
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gradients on its assigned data shard and then synchronizes with the other nodes of the cluster to update the model
weights, as illustrated in Figure 1 (a).

This approach is frequently used in practice due to its simplicity and general applicability to any deep learning
architecture. However, it can encounter significant communication bottlenecks when synchronizing large models [24].
Moreover, data parallelism requires that the entire model fits within each node’s memory, a constraint that modern

LLMs easily violate.

2.4.2 Model Parallelism. In model parallelism, the model itself is partitioned across multiple nodes, with each node
responsible for computing a subset of the model’s layers or parameters, as shown in Figure 1 (b). In this case, the
training dataset is not partitioned. This approach allows for training models that are too large to fit into the memory of
a single node. However, it introduces additional complexity in terms of communication and synchronization, as nodes
must exchange intermediate activations and gradients during the forward and backward passes.

A main challenge in model parallelism is designing an efficient partition of the model that minimizes communication
overhead while balancing the computational load across nodes [33]. This often requires careful consideration of the

model architecture and dependencies between layers.

2.4.3 Pipeline Parallelism. This approach applies inter-layer model parallelism while splitting each global batch into
smaller micro-batches. In pipeline parallelism, the model is divided into stages and the dataset into shards. Each stage of
the model is assigned to a different node. When the first node completes the forward pass of its assigned stage, it sends
the intermediate activations to the next node in the pipeline, which continues the forward pass, as shown in Figure 1 (c).
Instead of waiting for the entire batch to be processed, the first node can start processing the next micro-batch of data,
creating a pipeline of computations across the nodes. This approach can improve resource utilization and throughput,

but it also introduces challenges in terms of load balancing and managing the dependencies between stages.

2.4.4 Hybrid Approaches. DL models often consist of heterogeneous sub-architectures and this requires a combination
of different parallelization strategies. With hybrid approaches, the system can use different paradigms of parallelism
for different parts of the model, optimizing for both memory usage and communication overhead. For example,
convolutional neural networks (CNNs) that consist of both convolutional and fully connected layers may benefit from
a hybrid approach, where we can train convolutional layers using data parallelism, while fully connected layers are
trained using model parallelism [23]. This allows for more efficient utilization of computational resources and can lead

to faster convergence.

2.5 Centralized vs. Decentralized Topologies

Having examined the various partitioning approaches for DML, it is clear that carefully designing a distributed training
architecture is fundamental to realizing the practical benefits of scaling out. This requires selecting an appropriate
communication topology that outlines the specific role assigned to each node in the training system. In particular,

distributed networks are fundamentally divided into centralized and decentralized architectures.

2.5.1 Centralized Architectures. This architectural design structures the cluster of nodes in a hierarchical layout, where
part of the nodes are dedicated to hosting model parameters, while the remaining nodes are responsible for computing
local gradients over assigned data shards. In particular, the nodes responsible for computing the local gradients are
called worker nodes and they send their computations to the server nodes which update the weights according to the
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Fig. 2. Distributed Architectures.

received gradients, as can be seen in Figure 2 (a). This design is most prominently implemented via the Parameter

Server (PS) [29] framework, which played a pivotal role in the early development of distributed deep learning systems.

2.5.2  Decentralized Architectures. Instead of having different roles assigned to different nodes, in a decentralized
architecture all the nodes are identical (i.e., peers), and they all store a complete copy of the model parameters. Each
node computes local gradients on its assigned data shard and then synchronizes with its neighbors via collective
communication operations, typically implemented through an All-Reduce [16] primitive. Although these architectures
do not suffer from the bottleneck of a centralized server, the topology of the communication network can significantly
impact the overall training efficiency. The most common decentralized topologies are Ring All-Reduce [16], where each
node communicates only with its two immediate neighbors in a logical ring structure (as shown in Figure 2 (c)), and
Tree All-Reduce [2], where nodes are organized in a tree structure to perform hierarchical communication (as shown in
Figure 2 (b)).

2.5.3  Fully Distributed Architectures. Both centralized and decentralized architectures typically assume a controlled
environment and a balanced distribution of data. In contrast, fully distributed architectures allow multiple clients to
collaboratively train a model without sharing their raw data. In this setup, each client computes local updates based
on its own data. Depending on the coordination structure, these updates are aggregated via a central server, as in
Federated Averaging [34], or propagated across the network through peer-to-peer exchanges using gossip protocols,
as implemented in Gossip Learning [18]. This approach is particularly useful in scenarios where data privacy is a
concern, such as healthcare or finance, where sensitive information cannot be shared among nodes. An example of a

fully distributed architecture using gossip is shown in Figure 2 (d).
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2.6 The Synchronization Problem and Consistency Models

A core problem to address in data-parallel systems is determining when gradient updates must be synchronized by
different nodes. In DML landscape, the three primary consistency models implemented are: synchronous, asynchronous,

and bounded asynchronous.

| Iteration 1 Iteration 2 Iteration 3

(a) Synchronous =(Worker 1) (Worker 1)

Worker 2

Worker 2

(b) Asynchronous — Worker 1

Worker 2 Worker 2

(c) Bounded delay

Worker 2 Worker 2

Fig. 3. Synchronization Models in Distributed Training.

2.6.1 Bulk Synchronous Parallel. In the Bulk Synchronous Parallel (BSP) framework, all worker nodes complete an
iteration on assigned data mini-batches and then synchronize their parameter updates with the other nodes. This means
that every worker must wait for all the others to complete their computations and communicate their gradient updates
before proceeding to the next iteration, as shown in Figure 3 (a). This strict synchronization ensures that all workers
operate on a consistent view of the model parameters. However, it makes the system vulnerable to the straggler problem

[8], where slower nodes can delay the entire training process.

2.6.2 Asynchronous Training. In contrast, asynchronous training allows worker nodes to compute and apply updates
to the model parameters independently, without waiting for other nodes, as shown in Figure 3 (b). In particular, when a
worker node computes the gradients, it immediately applies the update to the global model state and shares it with the
rest of the cluster. This can lead to a faster overall training time, as it eliminates the bottleneck caused by stragglers.
However, since there is no check for staleness, there is the risk that stale gradients are applied to the global model,
leading to divergence. Hogwild [43] is an asynchronous implementation of distributed SGD, which allows multiple
nodes (or threads) to update shared parameters without locks, demonstrating that as long as the updates of the single

worker only modify small parts of the model, the system can still converge effectively.

2.6.3 Bounded Asynchrony. In order to balance the trade-offs between strict synchronization and complete asynchrony,
bounded asynchronous models have been proposed. These models allow for some degree of staleness in the updates,
but set a limit on how outdated the gradients can be. This approach aims to mitigate the straggler problem while still

maintaining a level of consistency that supports effective convergence.
Manuscript submitted to ACM



8 M. Fasoli

In particular, the Stale Synchronous Parallel (SSP) [8] model relaxes the synchronization barrier by allowing faster
worker nodes to advance ahead of slower worker nodes, but it enforces a user-defined maximum iteration staleness
bound, denoted as 7. If the fastest worker in the cluster outpaces the slowest worker by more than 7 iterations, the
system automatically blocks the fastest node until the straggler catches up and commits its updates. An example of a
bounded asynchronous model is shown in Figure 3 (c) with 7 = 1.

This approach tackles the straggler problem to a significant extent, but if the physical performance variance across
cluster machines is excessively high or the staleness bound 7 is configured too loosely, the accumulation of out-of-date

updates can still slow the convergence.

2.7 Challenges of Scaling Out Distributed Training

In the previous sections, we have discussed the issue of handling a cluster of nodes for distributed training, which
introduces systemic problems that need to be addressed in order to achieve the desired speedup. These challenges span

across network communication, fault tolerance, and dynamic cluster scaling.

2.7.1 The Network Communication Bottleneck. The main challenge in scaling out distributed training is the network
communication overhead. In fact, the communication of large amounts of parameter updates among nodes can become
a significant bottleneck, leading to congestion and under-utilization of computational resources.

The literature categorizes communication mitigation techniques into three major strategies:

e Model precision reduction: instead of transmitting full-precision parameters, systems can compress the
numerical data types to lower-bit alternatives (for instance, using 16-bit half-precision floating-point numbers),
reducing the amount of data that needs to be sent over the network.

e Compression: techniques like gradient quantization and sparsification can be applied to reduce the size of
updates. For example, only the most significant gradients can be transmitted, while smaller gradients are either
dropped or approximated [29].

o Communication scheduling: by carefully scheduling when and how updates are communicated, systems can

overlap communication with computation [51].

2.7.2  Fault Tolerance and Dynamic Scaling. Distributed architectures must also be designed to handle failures and
dynamic changes in the cluster configuration. As the number of nodes increases, the likelihood of hardware failures also
increases, making fault tolerance a critical aspect of distributed training systems. Additionally, the ability to dynamically
scale the cluster by adding or removing nodes during training can provide flexibility and cost savings.

Ensuring fault tolerance in distributed training involves implementing mechanisms for detecting and recovering
from node failures, such as checkpointing or replication. These solutions are also crucial for allowing dynamic scaling

of resources during training without interrupting or restarting the training process.

3 Distributed Architectures

In this section, we provide an overview of the SOTA distributed architectures for training large models in clusters of
nodes, analyzing their trade-offs in terms of communication efficiency, synchronization choices, and fault tolerance. For

each architecture, there is also an overview of the different frameworks that implement these paradigms.
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Fig. 4. Distributed Architectures.
3.1 Parameter Server

The third generation of Parameter Server (PS) [29] is a centralized architecture designed to address the challenges
of ensuring efficient communication, fault tolerance, durability, and elastic scalability while being easy to use. This
architecture was introduced in 2014 and played a fundamental role in allowing the training of models on a scale that
was previously unfeasible.

The Parameter Server architecture is based on a master-worker paradigm, where the master nodes (i.e., the parameter
servers) are responsible for storing and updating the model parameters, while the worker nodes perform the computation
of gradients and send them back to the servers. In particular, the server nodes are grouped into a cluster managed by the
server manager. Each of these nodes is in charge of a shard of the model parameters, implementing model parallelism
(also called sharding). On the other hand, worker nodes perform the computation of gradients on their shard of the
training data, assigned by the resource manager in a data-parallel fashion. Worker nodes do not need to have a complete
copy of the model parameters, as they can request the necessary parameters with respect to the data they are working
with. A practical example of how the PS architecture works can be found in Appendix A, while a visualization is shown

in Figure 4 (a).

3.1.1  Communication Efficiency. Due to the centralized nature of the PS architecture, the authors of the original
paper [29] proposed a set of techniques to improve communication efficiency. In particular, the model is represented
as a key-value dictionary. This allows for the use of a push-pull communication model, where workers ask for the
parameters they need by listing the keys of the desired parameters. After the computation of the gradients, the workers
send the updates to the servers using a push command. This approach is called the range push and pull and allows for
a significant reduction in communication overhead, as workers only need to communicate the parameters that are
relevant to their computation.

Using this representation of the model parameters, the messages sent between workers and servers can be quite
redundant, as workers often work on the same parameters. This means that parameter keys are sent multiple times,
which leads to significant communication overhead. To address this issue, the authors proposed a technique called key
caching, where servers cache the keys associated to a specific worker and from that point on they can send the value of
the parameters and the hash of the keys, substantially reducing the communication overhead.
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Fig. 5. Parameter Server Communication Optimizations.

Other techniques to improve communication efficiency include the use of User Defined Filters (UDFs) and compression
algorithms. UDFs allow the user to define a filter in worker nodes to send only the most significant gradients, while
compression algorithms are implemented in the server nodes to drop the parameters with zero values, further reducing

the communication overhead.

3.1.2  Synchronization. The PS architecture allows for both synchronous, asynchronous and bounded asynchronous
training. Indeed, each task (which may be a pull request or a computation of gradients) is computed by the workers
asynchronously, but it is possible to define dependencies between tasks so that the workers can be forced to wait for
the completion of a task before starting another one.

This allows for different levels of consistency of the model parameters, depending on the synchronization strategy
used. Depending on the specific use case, it may be more beneficial to use a synchronous approach or an asynchronous
one. For example, in a topic modeling task, the authors found that the asynchronous approach was more efficient, while

in the case of fitting a sparse logistic regression model, the bounded asynchronous approach was more suitable.

3.1.3  Fault Tolerance. Since the PS architecture is based on a centralized model in which nodes have different roles, it
is important to handle failure with respect to the different types of nodes. In particular, the failure of a server node can
lead to the loss of model parameters, which is a major concern, while the failure of a worker node can lead to the loss
of gradients.

In order to handle server nodes failure, the authors proposed to partition the parameters as a conventional distributed
hash table [47]. Specifically, parameter keys and server node IDs are inserted into the hash ring, and each server node is
responsible for the range of keys from its ID to the next server node’s ID in counterclockwise direction. This is crucial
in case of failure, as the next server node in the ring can take over the responsibility of the failed node and continue to
serve the parameters.

Using this approach, chain replication can be implemented, where each server node is responsible for its range of
keys and also of the one of the next server node in the ring. This allows for a high level of fault tolerance, as the failure
of a server node does not lead to the loss of model parameters, as they are replicated. During the communication of the
parameters, range vector clocks are used in order to ensure that the parameters are correctly updated, without losing
any updates or adding the same update multiple times.

While the failure of a server node is critical and it always needs to be handled through consistent hashing, the failure
of a worker node is less critical. In this case, recovery of the worker is optional and the system can continue to operate
without it. However, if the worker needs to be recovered (for instance, in case of a small number of nodes in the cluster),
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the resource manager can re-assign a shard of the training data to the worker node and it can re-join the training
process.

Both the consistent hashing for server nodes and the handling of worker nodes can also be used to scale the system,
where nodes can be added or removed from the cluster. In this case, the consistent hashing allows for a smooth transition
of the model parameters to the new server nodes, while the resource manager can re-assign the training data to the

new worker nodes.

3.1.4  Pros and Cons. The PS architecture has several advantages, including the ability to handle large models and
datasets through the sharding of both parameters and data. It also supports flexible consistency of the model parameters
and fault tolerance. It is best suited for training large models in which the gradient updates are sparse, as it allows for
efficient communication. Additionally, than to the different synchronization strategies, it is suited to handle clusters of
heterogeneous nodes effectively.

A main shortcoming is poor performance with dense gradients, as the communication overhead can become a

bottleneck due to the system centralized nature.

3.1.5 Frameworks. The PS architecture has evolved through multiple generations to address the scaling limits of
massive deep learning workloads. The first generation lacked specialized optimizations for distributed training, while
the second generation introduced custom update primitives and a more efficient communication protocol. Prominent
examples of this generation include YahooLDA and Google’s DistBelief [10]. The third generation, which is the focus
of this section, introduced a more robust and scalable architecture with improved communication efficiency, fault
tolerance, and elastic scalability. Notable frameworks that implement the third generation of PS include MXNet [7]
and TensorFlow [1]. These frameworks provide the necessary tools and abstractions to efficiently train large models
in distributed environments, making them suitable for a wide range of applications in deep learning workloads. To
support high-performance hardware acceleration, specialized variants have been developed, such as GeePS [9], which
is designed to leverage GPU clusters to train large models.

This architecture has been adopted and extended by frameworks such as Apache SINGA!, and it became a foundational

component in recommendation systems such as ByteDance’s Monolith?.

3.2 All-Reduce

The All-Reduce architecture is based on a decentralized paradigm, where all nodes play the same role and communicate
in a peer-to-peer fashion. Derived from the High-Performance Computing (HPC) domain®, All-Reduce [16] was adapted
for deep learning workloads to address the challenges of scaling out distributed training, avoiding the structural
bottlenecks of centralized architectures like the Parameter Server.

In a standard data-parallel fashion, every node maintains a complete local copy of the model parameters and computes
gradients on its respective shard of the training data. After computing the gradients, the nodes collectively execute an
All-Reduce operation to aggregate the gradients across the entire cluster. This ensures that every node receives the
identical set of updated model parameters, maintaining consistency across the distributed system. A visualization of the

All-Reduce architecture is shown in Figure 4 (b).

!https://singa.apache.org/
2https://github.com/bytedance/monolith
3AllReduce is a standard collective communication primitive defined in the Message Passing Interface specification.
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3.2.1 Communication Efficiency. The communication efficiency of the All-Reduce approach relies on two main collective
primitives: Reduce-Scatter, which aggregates gradients across all nodes and distributes chunks of the combined result
to each worker, and All-Gather, which then broadcasts those chunks so that every node receives a complete copy of
the fully updated gradients. In order to optimize data transfer, there exist two different designs for this architecture:
ring-based and tree-based All-Reduce.

In the ring-based All-Reduce, nodes are organized into a logical ring where nodes communicate with their immediate
neighbor. Instead of sending all the gradients at once, the gradient vector is divided into N equal segments (where N is

the number of nodes in the cluster). Then, the two primitives are executed in the following way:

e Reduce-Scatter phase: each node concurrently sends a gradient segment to its successor, while receiving a
different segment from its predecessor. When a node receives a segment, it performs a sum operation with its
local segment and forwards the result to the next node. At the end of this phase, each individual node holds a
unique segment of the aggregated gradients.

o All-Gather phase: to ensure that all nodes have the complete set of aggregated gradients, the completed
segments are exchanged among the nodes in a similar manner. During this phase, nodes receive the fully summed

segments and overwrite their local values.

An example of how the Ring All-Reduce architecture works can be found in Appendix B. This ring-based architecture
optimizes the bandwidth usage. However, in order to handle massive clusters, the tree-based All-Reduce [2] is sometimes
preferred since it lowers the communication steps. In this design, nodes are organized into a hierarchical tree structure,

where each node communicates with its parent and child nodes. In this case, the primitives change slightly:

o Up-Tree Reduce phase: leaf nodes pass their local gradient up to their designated parent node, which aggregates
the gradients from its children and forwards the result up the tree. This process continues until the root node
has the complete aggregated gradient.

e Down-Tree Broadcast phase: once the root node has the complete aggregated gradient, it broadcasts the result

down the tree to all nodes.

3.2.2 Synchronization. The All-Reduce architecture implements the BSP synchronization paradigm, forcing a strict
synchronous execution flow. Workers independently compute their local gradients and then they must wait until all
other nodes have completed their computations before executing the communication primitives.

While this approach simplifies model convergence, it introduces the straggler problem, meaning that the overall
training time is determined by the slowest node in the cluster, which can lead to inefficiencies and under-utilization of

resources.

3.2.3  Fault Tolerance. Fault tolerance in the All-Reduce architecture is more challenging compared to the PS architecture,
due to the fact that each node represents a critical component of the communication topology. In fact, the failure of a
single node breaks the communication chain and stops the entire training process.

This issue is typically managed through checkpointing, which means that the model state and optimizer variables
are periodically saved to a shared file system, such as HDFS. When a node fails, the entire cluster must be restarted

from the last checkpoint, which can lead to significant overhead and increased training time.

3.24  Pros and Cons. The All-Reduce architecture achieves bandwidth utilization that is independent of cluster size
via ring primitives or provides scalable step latency via tree topology, allowing practitioners to choose the approach
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best suited to the cluster size and network characteristics. Furthermore, it is well suited for training models with dense
gradients, as it avoids the communication bottleneck of the centralized Parameter Server.

However, its performance degrades significantly in the presence of stragglers, meaning that it is suited for homoge-
neous clusters where nodes have similar computational power and memory capacity. Additionally, fault tolerance is
more challenging compared to the PS architecture, as the failure of a single node can halt the entire training process.

As demonstrated by Lian et al. [32], decentralized architectures can outperform centralized architectures when the
communication network is slow. This was validated in a synchronous setting against a PS architecture with a single
server node. Furthermore, Iandola et al. [21] showed that a tree-structured all-reduce is preferred to a single PS to

optimize throughput and scaling.

3.25 Frameworks. The adoption of All-Reduce in DL was driven by Baidu’s introduction in 2017, inspiring the
development of Horovod [46], a framework that implements the All-Reduce architecture and provides a simple interface
for distributed training.

Today, the most important implementations are PyTorch Distributed Data Parallel (DDP) [31] and NVIDIA’s Collec-
tive Communications Library (NCCL) [37], which provide optimized All-Reduce operations for GPU clusters. These
frameworks have become the standard for distributed training, enabling efficient scaling of large models across multiple
nodes and GPUs.

For training extremely large models, systems like Microsoft DeepSpeed [11] and NVIDIA’s Megatron-LM [36] have
been developed, which combine the All-Reduce architecture with model parallelism techniques to handle models that

exceed the memory capacity of a single GPU.

3.3 Gossip Learning

Gossip Learning (GL) [18] is a fully decentralized architecture based on a peer-to-peer communication model. Introduced
in the early 2010s, it is designed to train models while retaining privacy and security of local data without central
coordination.

In this architecture, every node operates as an independent entity, maintaining its own local copy of the model
parameters and training on its local data. Periodically, each node selects random peers from the network to exchange

and aggregate model parameters, allowing for the diffusion of information across the network, as shown in Figure 4 (c).

3.3.1 Communication Efficiency. The communication efficiency of GL relies on peer-to-peer communication. Instead
of forcing all nodes to broadcast the gradients simultaneously, the architecture relies on a Random Peer Sampling (RPS)
strategy, where each node selects a random subset of peers to communicate with. Once this subset of peers is selected,

the communication is driven by two primitives:

e Push: each node sends its local model parameters to the selected peers.

e Pull: each node requests the model parameters from the selected peers.

As a last step, aggregation is computed when each node aggregates the received model parameters with its local model
parameters, using a predefined aggregation function (e.g. averaging). Since the DL models contain a large number of
parameters, some implementations use Segmented GL, where the model parameters are divided into segments and each
segment is exchanged with a different subset of peers. This allows for a more efficient use of network bandwidth and
reduces the communication overhead. A practical example of how the Gossip Learning architecture works can be found
in Appendix C.
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3.3.2  Synchronization. GL uses an asynchronous execution flow, where nodes independently compute their local
gradients and communicate with their peers, without any synchronization barrier. This eliminates the straggler problem;

however, it results in weaker consistency of the model parameters, which can lead to slower convergence.

3.3.3  Fault Tolerance. Fault tolerance is a structural advantage of the GL architecture, as it is immune to single points
of failure and requires no complex recovery protocols. Indeed, the entire architecture is built to handle node churn,
where nodes can join and leave the network at any time. If a node fails or leaves the network, its neighbors bypass it
during the next RPS cycle, meaning that the failure of a single node results only in a loss of compute power and specific

data updates.

3.34  Pros and Cons. GL is well suited for training models in environments where privacy and security are a priority,
as it allows training on local data without the need to share sensitive information. It is highly resilient to failures and
scales well in large networks, as the communication overhead is distributed across the nodes.

However, it suffers from slower convergence due to weak consistency of the model parameters and it struggles
significantly with non-IID data distributions, where the local data of each node is not representative of the overall data

distribution.

3.3.5 Frameworks. 1t is worth noting that GL is not yet widely adopted in the deep learning community, and there
are limited frameworks that implement this architecture. Nevertheless, the Gossip Learning Framework (GoLF) [39]
provides a benchmarking suite to evaluate P2P ML algorithms. For applied work, P2PFL is a library that embeds gossip

communication protocols into PyTorch and TensorFlow pipelines.

3.4 Additional Frameworks

In the previous sections, we have discussed the main frameworks that implement the three distributed architectures.
However, there are other frameworks that implement specific parallelism techniques that are not tied to a specific

architecture and in this section we discuss a relevant, non-exhaustive selection of them.

3.4.1 GPipe. Developed by Google, GPipe [20] is a framework that introduces a pipeline parallelism approach to
training deep neural networks. It uses a synchronous SGD algorithm and uses activation recomputation to reduce
memory usage during training, making it suitable for training very deep models. However, the synchronous nature
of GPipe introduces pipeline bubbles, which can lead to under-utilization of resources and increased training time.
Moreover, its heavy reliance on activation recomputation introduces computational overhead, which can slow down

the training process.

3.4.2 PipeDream. Developed at the same time as GPipe, PipeDream [35] takes the opposite trade-off. In fact, it overlaps
computation with communication by allowing multiple mini-batches to execute concurrently across devices in a 1F1B
(one forward, one backward) manner. Additionally, it incorporates an automated planner that determines a partitioning
that minimizes its estimated pipeline cost across devices, minimizing pipeline bubbles and improving resource utilization.
However, the asynchronous nature of PipeDream can lead to stale gradients, which can affect the convergence and
accuracy of the model. For this reason, PipeDream maintains multiple weight versions in memory simultaneously,

which significantly increases memory overhead.

3.4.3 DAPPLE. DAPPLE [14] is a synchronous training framework that explores hybrid parallelism strategies, combin-

ing data parallelism and pipeline parallelism. It introduces an automated parallelization strategy planner that partitions
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model layers into pipeline stages and distributes training data across nodes based on cluster topology. Unlike PipeDream,
DAPPLE couples this hybrid approach with a synchronous 1F1B execution strategy. However, its limitations include the
search overhead of the planner, and the performance bottlenecks introduced by strict synchronization in heterogeneous

clusters.

3.4.4 Summary. In this section, we have discussed the main distributed architectures for training a ML model in a
cluster of nodes, analyzing their trade-offs in terms of communication efficiency, synchronization choices, and fault
tolerance. In Table 1, we provide a summary of the most important frameworks that implement these architectures,

highlighting their features and limitations.

Table 1. Comparison of Selected Distributed Deep Learning Frameworks.

Framework Parallelism Comm. Primitives Synchronization Pros Cons

MXNet [7] Data, Model ~ Key-Value Push/Pull BSP, ASP, Bounded Elastic scal- Server bottle-
ing, key neck, dense
caching overhead

TensorFlow [1] Data, Model ~ Key-Value Push/Pull BSP, ASP, Bounded Wide adop- Centralized
tion, flexible bottleneck,
sync complex

setup

GeePS [9] Data, Model ~ Key-Value Push/Pull BSP, ASP, Bounded GPU  opti- Server bottle-
mization, neck, legacy
memory design
management

Horovod [46] Data Ring All-Reduce Synchronous (BSP) Bandwidth- Straggler sen-
efficient, sitive
simple inte-
gration

PyTorch DDP [31] Data Ring / Tree All-Reduce  Synchronous (BSP) Native perfor-  Straggler sen-
mance, high sitive
throughput

GoLF [39] Data Peer Push/Pull (RPS) Asynchronous Churn Slow con-
resilient, vergence,
privacy pre- non-IID
serving sensitive

GPipe [20] Pipeline Point-to-Point Synchronous (Micro-batches) Exact SGD, Pipeline
activation bubbles, re-
saving computation

cost

PipeDream [35] Pipeline Point-to-Point Asynchronous (1F1B) Minimal bub- Weight stale-
bles, auto par-  ness, memory
titioning footprint

DAPPLE [14] Hybrid P2P, All-Reduce Synchronous (1F1B) Stage replica- Complex
tion, zero stal-  setup, plan-
eness ner overhead
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4 Distributed Training of LLMs

In the previous sections, we have provided an overview of the challenges and techniques involved in distributed training
of general DL models, also discussing the trade-offs of specific approaches. The training of more modern LLMs presents
additional challenges that require a more specialized approach, due to the scale of the models and the complexity of
the training process. In this section, we dive into the specific aspects of distributed LLM training and discuss the main

techniques developed to address these challenges.

4.1 The Parameter Barrier

Modern LLMs, such as Kimi K3 [48], consist of trillions of parameters and require massive amounts of computational
resources to train. The paradigms that we presented in the previous sections introduced some techniques to tackle the
challenges of distributed training, but they are insufficient to handle the scale of LLMs. In fact, traditional distributed

DL architectures fail under this setting:

o The centralized Parameter Server suffers from network communication bottlenecks and high synchronization
latency. Since LLM backpropagation produces dense gradients, the centralized communication model slows
down the training process.

o The standard data parallelism (implemented, for instance, in Ring All-Reduce) cannot be applied to train LLMs
because the model is too large to fit in the memory of a single GPU. Even if the parameters could fit in memory,
for each computation step a single node should also store the activations and optimizer states, which increases
the memory requirements even further. This makes it almost impossible to train LLMs using standard data

parallelism.

Consequently, training LLMs requires specialized optimization paradigms, which we discuss in the following sections. In
particular, we focus on communication hierarchies and data transfer in GPU clusters, advanced parallelism techniques,

and memory-centric optimizations.

4.2 Communication Hierarchy and Data Transfer in GPU Clusters

The computational throughput of a distributed training system is bounded by its network efficiency, and the performance

scales according to the following model:
Total Training Speed = Single GPU Speed X Nchips X Rspeed_up

where Npips represents the number of GPUs in the cluster and Rgpeed up is the speedup efficiency ratio. The latter is
the main variable that a system designer controls, and the goal is to prevent Rypeed up from degrading as Nepips grows.
Every GPU idling for data is a GPU not computing, and that is what drives the ratio down; the duration of such stalls
depends directly on the communication links data must traverse. To minimize this wait, modern architectures map

workloads across a communication hierarchy structured as follows:

(1) High-bandwidth intra-node interconnects: traditional server architectures use Peripheral Component
Interconnect Express (PCle) bus to send data between devices. In this setup, every GPU-to-GPU data transfer
must cross the PCle slot and be orchestrated by the host CPU’s PCle controller, introducing high arbitration
latency and severe bandwidth saturation. To eliminate this bottleneck, NVIDIA developed NVLink [38], which is
a high-bandwidth, low-latency interconnect that allows GPUs to communicate directly with each other without

going through the CPU. This is extended by NVSwitch [38], which is a high-speed switch that allows multiple
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GPUs to communicate with each other simultaneously. In this way, GPUs exchange data bypassing the host
CPU, PCle controller, and system RAM.

(2) Low-latency inter-node fabrics: when the system scales to multiple nodes, data must be transferred across
the network. Using TCP/IP stacks for inter-node communication introduces significant latency and bandwidth
limitations because the host CPU must handle packet processing and routing. In order to address this, distributed
clusters deploy Remote Direct Memory Access (RDMA) protocols, which allow GPUs to directly access the mem-
ory of remote nodes without involving the host CPU. This is implemented through high-speed interconnects such
as InfiniBand or Ethernet with RDMA support, which provide low-latency and high-bandwidth communication
between nodes.

(3) Hardware-tuned collective communication primitives: to further optimize communication, modern dis-
tributed training architectures implement optimized communication libraries that are specifically tuned for
the underlying hardware. Examples of these libraries include NVIDIA Collective Communications Library
(NCCL) [37] and Huawei Collective Communication Library (HCCL). These software libraries detect the layout
of the cluster and construct communication schedules matched to the cluster topology to execute collective
communication tasks such as All-Reduce, Reduce-Scatter and All-Gather. In this way, these libraries act as a
traffic control system that maximizes overall bandwidth utilization and minimizes latency across the entire

cluster.

4.3 Advanced Parallelism Techniques

We discussed that when the model size exceeds the memory capacity of a single GPU, model parallelism is used to split
the model across multiple GPUs. Within this context, model parallelism can be categorized into two primary paradigms
based on partitioning granularity: general model parallelism and tensor parallelism. The fundamental difference between
these two strategies lies in whether the model is segmented inter-layer or intra-layer. While inter-layer partitioning is
sufficient for most DL models, LLMs require a more fine-grained approach to model parallelism. The size of the model
parameters and the complexity of the computations involved in LLMs require the model to be split across multiple

GPUs, even within a single layer, which is addressed by tensor parallelism.

4.3.1 1D Tensor Parallelism. Popularized by Megatron-LM [36], 1D tensor parallelism is a technique that partitions

linear transformation operators across multiple GPUs. A standard linear transformation is defined as:
Y=XA

with A being the weight matrix and X the activation matrix. In 1D tensor parallelism, the weight matrix A is split along
its columns:

A= [A1 Ay - Ap]
where P is the number of GPUs. Each GPU computes a partial output ¥; = XA; and the final output is obtained by

concatenating the partial outputs horizontally:

Y = Y1 YZ cee YP] = [XAl XAZ ce XAP]
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When a second linear transformation Z = YB is applied to the output Y, the weight matrix B is split along its rows:

By
B,
B=
Bp
By
In order to compute Z = [Yl e Yp] x| * |, each GPU computes a partial output Z; = Y;B;. The final output is obtained
Bp
by an All-Reduce operation that sums the partial outputs across all GPUs:
P P
Z=) 27 =) YB;
i=1 i=1

The problem with this approach is that this parallelization strategy is constrained by the dimensionality of the matrices,
which limits the maximum number of GPUs that can be used for training. Specifically, the target dimensions of the
weight matrices must be divisible by the number of GPUs (i.e., P). In LLMs, matrices are sharded along the Attention
Head dimension. Consequently, if an LLM has 32 attention heads, it can be trained using 1D tensor parallelism on 1, 2,
4, 8, 16 or 32 GPUs. Furthermore, this approach does not partition the (intermediate) activations, which can lead to

significant memory consumption.

4.3.2 2D Tensor Parallelism. To address the issue of partitioning also the activations, 2D tensor parallelism [52] was
introduced. It enables sharding both model parameters and activations across a processor grid of P = g X ¢ GPUs, based
on the SUMMA matrix multiplication algorithm. Given g = 2, the activation matrix X and the weight matrix A are
partitioned as follows:

A Aot
A An
where each GPU (i, j) holds exactly X;; and A;;. The goal of each GPU (i, j) is to compute its sub-block of the final

output matrix Y:

g-1
Yij = " XiAgj
k=0

Since each GPU initially holds only X;; and A;;, it lacks the other blocks along its row and column to complete
this summation. To resolve this without replicating the full matrices, the execution runs through g synchronized
communication and computation steps:

At step t = 1, Xj is broadcast horizontally along the rows of the processor grid, while Ay; is broadcast vertically

along the columns. Then, X;, is multiplied with A,; on each GPU as follows:

XooAoo  XooAo1
X10400  X104o01
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Then at step t = 2, X;; is broadcast horizontally along the rows of the processor grid, while A, ; is broadcast vertically

along the columns. Then, X;; is multiplied with A;; on each GPU as follows:

XOlAIO XOlAll
XllAl() XllAll

The final output is obtained by summing the two partial outputs:

XooAgo + Xo1A10  XooAo1 + Xo1An
X10Ag0 + X11A10  X10401 + X114

Y=XA=

In this way, the activation memory usage per GPU drops by a factor of g2, allowing training LLMs on larger number
of GPUs. Because activations scale aggressively with sequence length and batch size, this approach is often the only
way to train LLMs on large context windows. However, it requires multiple communication steps during every layer’s

execution loop, and the total GPU number P must be a perfect square.

4.3.3 2.5D Tensor Parallelism. To mitigate the communication overhead of 2D tensor parallelism, 2.5D tensor parallelism
[50] adds a third dimension to the processor grid, creating a 3D grid of P = g X ¢ X d GPUs. Assuming q = d = 2, the

matrix operations are distributed as follows:

o The activation matrix (X) is partitioned along its row dimension into d macro-layers. Each layer slice is then

divided into a grid of d X g rows and q columns:

Xoo  Xo1
X = X0 Xn
X0  Xo1
X3 X3

o The weight matrix (A) is partitioned into a standard 2D grid of q X g blocks, and then each block is replicated d

times across the third dimension: i .
Ap Ao

A An

Because parameter weight matrices are replicated across the third dimension, the grid splits the global matrix multipli-

A=

cation task into d independent sub-tasks, each of which can be computed in parallel:

Ao Ao
A0 An

Xoo  Xo1
X0 Xu

X0 Xo
X3 Xa1

Ao An
Ay An

>

Y = XA = concat (

This approach reduces network communication costs to O(1/Vd) relative to traditional 2D tensor parallelism. In an
8-GPU configuration, two groups of 4 GPUs each execute 2D tensor parallelism to compute independent sub-tasks,

with the final output obtained by concatenating the group results.

4.3.4 3D Tensor Parallelism. This last approach extends the 2.5D tensor parallelism in order to further reduce commu-
nication costs across massive multi-node clusters.

The 3D tensor parallelism [4] technique is based on a processor grid of P = g X g X ¢ GPUs. In this setup, both the
activation matrix X and the weight matrix A are sharded simultaneously along all three primary matrix dimensions
(M, N, K). Consequently, each individual device (i, j,[) in the processor cube stores only a single localized tensor
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Fig. 6. Advanced Parallelism Techniques.

fragment, X;;; and A;j;. To compute the linear transformation Y = XA, the execution is run through a synchronized

three-step process:

o All-Gather phase: the partial fragments of X and A are collected orthogonally across the rows and columns of
the processor grid to form intermediate sub-blocks on each device.

e Local computation: each individual GPU multiplies its newly aggregated sub-blocks to compute a localized
partial product.

e Reduce-Scatter phase: the partial products are summed and scattered across the remaining reduction axis of

the cube, leaving each GPU with its correct shard of the final output activation matrix Y.

While 3D tensor parallelism communicates the least data of the four schemes, it introduces substantial implementation
complexity due to the coordination of 3D collective operations. Additionally, if the global training batch size is not
sufficiently large, this extreme fine-grained sharding can reduce matrix block sizes too much, leading to poor GPU

compute utilization. A visualization of the 3D tensor parallelism approach is shown in Figure 6 (a).

4.3.5 3D Parallelism. Due to the massive scale of LLMs and the cardinality of the training data, these tensor sharding
techniques are combined with data parallelism and pipeline parallelism to form a 3D parallelism strategy [28]. In

particular, 3D parallelism combines three orthogonal dimensions of scaling simultaneously:

e Data Parallelism dimension: the training data is partitioned across multiple GPU, allowing each GPU to
compute gradients based on its local data shard.

o Pipeline Parallelism dimension: the model is partitioned across multiple GPU, allowing each GPU to compute
its assigned layer(s) in a pipelined fashion.

e Tensor Parallelism dimension: within each layer, the model parameters and activations are further partitioned

across multiple GPUs.

By nesting tensor sharding within macro-level pipelines, 3D parallelism allows data, model parameters, and activation
states to scale together.
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However, scaling dense models using 3D parallelism requires that every token must pass through every parameter in
the network. To expand model capacity further without prohibitive computational costs, architectures shifted towards

sparse models.

4.3.6  Expert Parallelism and Mixture-of-Experts (MoE). Sparse Mixture-of-Experts (MoE) [15] models decouple total
model capacity from the compute required per token. Instead of executing all parameters, the standard dense Feed-
Forward Network (FFN) layers are replaced with an MoE layer containing a router and E independent FFN experts. For
an input token x, the router computes selection probabilities across all E experts and routes the token to a sparse subset

of k < E:

Output y = Z G(x); - Eij(x)
i€Top-k

where G(x); is the routing softmax weight for the i-th expert and E;(x) is the output of the i-th expert, as shown in
Figure 6 (b). To host the experts, Expert Parallelism (EP) shards these E sub-networks across P, GPU, with each GPU

hosting E/P,,, experts. This parallelization strategy introduces the following operational characteristics:

o All-to-All communication primitives: it consists of a two-phase communication pattern. In the first phase
(the dispatch phase), each GPU sends its input tokens to the GPUs that host the corresponding experts. In the
second phase (the combine phase), the GPUs hosting the experts send back the computed outputs to the original
GPUs.

e Load imbalance: the router may not distribute tokens evenly across the experts, leaving some GPUs being
overloaded while others remain underutilized. For this reason, MoE systems introduce load-balancing techniques,
such as auxiliary loss functions and expert capacity limits, to ensure that the tokens are distributed more evenly

across the experts.

4.3.7 5D Parallelism. To scale modern ultra-large sparse models, EP is combined with 3D parallelism and Sequence
Parallelism (SP) to form a 5D parallelism strategy. In particular, SP is a technique that shards intermediate activation
tensors along the sequence dimensions during non-linear operations (e.g. LayerNorm) that were not previously sharded
by 3D parallelism. Together, these strategies form a 5D Parallelism paradigm that coordinates five orthogonal dimensions
of scaling simultaneously. By nesting these five layers of parallelism, clusters can scale context lengths, model parameters,
and training data together.

However, this approach requires a complex configuration and relies heavily on expensive hardware connections
to keep the GPUs in sync. This bottleneck introduced a shift in the research community towards memory-centric
optimizations, which aim to reduce the memory footprint of training states without altering the model’s physical
structure. Instead of slicing layers and operators across different devices, these techniques preserve standard data-
parallel setups but eliminate redundancy by sharding optimizer states, gradients, and parameters across the cluster’s

collective memory.

4.4 Memory-Centric Optimizations

In this section, we discuss the memory-centric optimizations that have been developed to address the challenges of
training LLMs. To scale data-parallel training past the memory capacity of a single GPU, techniques such as ZeRO (and

its variants) and FSDP were introduced.
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4.4.1 Zero Redundancy Optimizer (ZeRO). ZeRO [41] addresses the memory bottleneck of data-parallel training by
systematically sharding specific training states across data-parallel processes while preserving high computational
efficiency and low communication overhead.

In order to optimize memory usage, ZeRO classifies GPU memory consumption into two main categories:

e Model states: this category includes the persistent mathematical components of the model, such as parameters,
optimizer states, and gradients. In modern training setups, these optimizer states dominate memory consumption,
often requiring up to six times the memory of the model parameters themselves.

e Activation states: this category includes the intermediate activations generated during the forward pass of the

model.

In a standard data-parallel setup, each GPU maintains a complete copy of the model states, leading to significant
memory redundancy. For this reason, ZeRO-powered Data Parallelism (ZeRO-DP) was introduced and it is based on the
idea of partitioning the model states across data-parallel processes. In particular, ZeRO-DP divides the model states into

three distinct stages:

e ZeRO-Stage 1 (optimizer state partitioning): this stage targets the largest memory consumer, which is the
optimizer state. Instead of replicating the optimizer states across all the GPUs, Stage 1 shards the static optimizer
states (e.g. momentum, variance) across data-parallel processes, while model parameters and gradients are
still replicated. At the end of the optimization step, each process updates only its own parameter slice, and an

All-Gather operation is executed to reconstruct the full updated parameter set on every GPU.

ZeRO-Stage 2 (gradient partitioning): in addition to partitioning the optimizer states, stage 2 also shards the
gradients across data-parallel processes. As the backward pass flows through the neural network layers, each
GPU computes gradients but only retains the gradient tensors that correspond to its optimizer slice. Then a

Reduce-Scatter operation is executed to sum and distribute these gradients directly to their respective owners.

ZeRO-Stage 3 (model parameter partitioning): built upon the previous stages, stage 3 extends the partitioning
to include model parameters. During the forward and backward passes, each GPU does not hold the full model
parameters. Instead, right before a layer is executed, an All-Gather primitive is triggered to reconstruct the
necessary parameters for that layer. After the layer’s computation is completed, the additional parameters are
discarded to free up memory. This stage achieves a linear memory reduction relative to the cluster size, while
increasing the network data transfer by approximately 50%. There also exist some variants of this stage which

handle MoE architectures.

This approach tackles the model states memory consumption, but it does not address the activation states memory
consumption. To address this problem, ZeRO-R was introduced, which optimizes the following aspects of the training

process:

e Activation partitioning: ZeRO-R shards the activation checkpoints across the nodes of the cluster. When a
layer triggers its backward pass, the system runs an All-Gather operation to temporarily rebuild the necessary
activation for the gradient calculation.

e Active memory defragmentation: continuous allocation and deallocation of memory during the training
process can lead to fragmentation. This can cause training crashes due to out-of-memory errors even when
the total free memory is sufficient, as the memory is split into non-contiguous blocks. ZeRO-R manages this
problem by implementing a memory defragmentation strategy that actively reorganizes memory allocations to

form larger contiguous blocks of free memory.
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However, ZeRO has some limitations, such as the increased communication overhead due to the sharding of model

states and the frequent synchronization of gradients, parameters, and optimizer states across multiple GPUs.

4.4.2 ZeRO-Offload. ZeRO-Offload [44] is a ZeRO variant that allows the user to complete the training of LLMs even
when hardware resources are limited. Under this layout, forward and backward propagation loops remain on the GPU,
while gradient accumulation, optimizer states, and optimizer update steps are offloaded to the CPU. This strategy
enables the training of LLMs up to 13 billion parameters on a single GPU.

However, this approach introduces additional communication overhead between the CPU and GPU, which can lead

to performance degradation.

4.4.3 ZeRO-Infinity. ZeRO-Infinity [42] implements an integrated storage pipeline that aggregates GPU memory, host
CPU RAM, and NVMe storage into a unified memory pool. It was introduced as a solution to address the memory

constraints of extreme-scale training and is based on two main system innovations:

o The Infinity Offload Engine: this is a routing system that dynamically balances split model states across CPU
RAM or NVMe storage, based on the current memory pressure and the access patterns of the model states.

e Memory-Centric Tiling: it is an optimization layer that divides tensor operators into smaller tiles.

4.4.4  Fully Sharded Data Parallelism. While the ZeRO ecosystem successfully breaks the memory wall for extreme-
scale configurations, its implementation relies on specific library dependencies. To standardize these state-sharding
methodologies within ML runtimes, Fully Sharded Data Parallelism (FSDP) was introduced as a native alternative
inside the PyTorch ecosystem. FSDP [54] is heavily inspired by the state-sharding techniques of ZeRO-Stage 3, but
is implemented as a native PyTorch module. In fact, FSDP uniformly shards the model parameters, gradients, and
adaptive optimizer states across data-parallel processes. To maintain a minimal memory footprint without altering the
correctness of the training process, FSDP coordinates the parameter movement via precise communication primitives.

In particular, the execution loop is divided as follows:

e Forward pass: before a specific layer is executed, FSDP blocks the forward pass to launch an intra-node or
inter-node All-Gather communication primitive. This operation retrieves the necessary parameter shards from
other processes, ensuring that each process has access to the required parameters for its local computation. After
the forward pass is completed, the parameters are discarded to free up memory, leaving only the primary sharded
parameters.

e Backward pass: during the backward pass, the system operates in a similar manner. An All-Gather operation is
triggered to rebuild the full parameters required for gradient computation.

e Gradient sharding and reduction: instead of using a standard All-Reduce operation, FSDP employs a Reduce-
Scatter primitive to shard the gradients across processes. This operation simultaneously sums the calculated
gradients across all nodes and scatters the resulting tensors so that each process receives only its corresponding

shard of the gradients.

In order to prevent continuous parameter gathering and discarding from introducing performance degradation, FSDP

integrates several optimization mechanisms:

e Nested auto-wrapping policies: instead of treating an entire LLM as a single block, FSDP relies on auto-
wrapping policies that partition the network into independent submodules. This allows All-Gather, compute,
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and memory discard operations to be executed sequentially layer by layer, reducing the peak memory usage and

improving the overall efficiency of the training process.

Prefetching: FSDP implements forward and backward prefetching schedules, in order to overlap commu-
nication and computation. For instance, through BackwardPrefetch, FSDP anticipates the upcoming step and
asynchronously gathers the parameters for the next layer while the current layer is still computing its gradients.
This overlap between communication and computation helps hide the latency of parameter gathering, thereby

improving training throughput.

Mixed precision and memory management: FSDP supports mixed precision training. For instance, parameters
can be stored in standard 32-bit floating point format, but communicated and computed using lower precision
Float16. Communicating tensors in a lower-precision format can reduce the amount of data transferred over the
network. Moreover, FSDP supports optional offloading to CPU when GPU memory is insufficient, allowing for a

more flexible memory management strategy.

FSDP enables a more efficient and scalable training process for LLMs, while maintaining training correctness. However,
FSDP has structural trade-offs that can affect scaling performance across modern clusters, such as its heavy dependency
on network bandwidth and the complexity of its wrapping policies. Since parameters must be gathered and discarded
continuously across both forward and backward loops, FSDP’s scaling is highly sensitive to cluster interconnect speeds.
On networks lacking intra-node NVLink or inter-node InfiniBand, the communication overhead can become a significant
bottleneck, limiting the overall training throughput. Additionally, the complexity of the auto-wrapping policies can
introduce challenges in terms of model architecture compatibility and ease of use, requiring careful consideration when

designing and implementing LLMs with FSDP.

4.5 Frameworks for Distributed Training of LLMs

In this section, we provide an overview of the most popular frameworks for distributed training of LLMs.

4.5.1 DeepSpeed. DeepSpeed [11] was developed by Microsoft and it is an open-source optimization library that
provides a suite of tools and techniques specifically for training LLMs. This framework allows the use of each of the
ZeRO stages, but also supports full 3D parallelism. Moreover, it includes memory scaling variants such as ZeRO-Offload
and ZeRO-Infinity to exploit host CPU and NVMe memory tiers.

Configuring DeepSpeed requires complex hyperparameter tuning and its performance is highly dependent on the

underlying hardware and network infrastructure.

4.5.2 Megatron-LM. This framework [36] was developed by NVIDIA, with the goal to maximize hardware throughput
when training dense autoregressive models. Megatron-LM provides a highly optimized implementation of 1D tensor
parallelism and inter-layer pipeline parallelism. Later versions introduced sequence and expert parallelism alongside
distributed optimizers and shared data parallelism. To achieve high GPU utilization, it implements a custom CUDA
kernel and strict communication-computation overlap in order to hide synchronization latency.

Even in this case, setting up Megatron-LM requires specialized system expertise in CUDA configuration and
distributed training paradigms. In addition, the framework is primarily designed for large-scale pre-training pipelines

rather than downstream fine-tuning tasks.

4.5.3 Colossal-Al. While previous frameworks focus on optimizing specific aspects of LLM training, Colossal-AlI [30]
aims to provide a unified framework that integrates multiple parallelism strategies. It supports 1D, 2D, 2.5D, and
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3D tensor parallelism, as well as pipeline and data parallelism. In addition, Colossal-Al includes advanced memory
optimization techniques (ZeRO) but also a large set of optimizations such as automatic mixed precision, gradient
checkpointing and host CPU offloading. It is open-source and well-documented, making it accessible to a wider range
of researchers and practitioners.

Some of the optimizations in Colossal-Al are explicitly designed for specific NVIDIA microarchitectures, which can

limit the portability of the framework across different hardware platforms.

4.5.4 Alpa. Alpa [55] is a framework that automates 3D parallelism without requiring manual configuration. It uses a
compiler-based approach to automatically partition the model and data across multiple GPUs, optimizing both memory
usage and communication efficiency. It structures the search space into two levels: intra-operator (tensor and data
parallelism via integer linear programming) and inter-operator (pipeline parallelism via dynamic programming).

A main limitation of this approach is its poor compatibility with the PyTorch ecosystem, which has become the

de-facto standard for deep learning research and deployment.

4.5.5 Megatron-DeepSpeed. This framework [12] is a hybrid of the two aforementioned frameworks, combining the
strengths of Megatron-LM and DeepSpeed. It integrates Megatron-LM’s highly optimized tensor parallelism and pipeline
parallelism with DeepSpeed’s ZeRO memory optimization techniques. It also provides highly optimized support for the
NCCL communication library, resulting in low synchronization overhead and high throughput.

However, the complexity of managing this framework is significant, as it requires expertise in both Megatron-LM and
DeepSpeed configurations. Additionally, the system is dependent on CUDA and NCCL, which can limit its portability to
non-NVIDIA hardware platforms, and it imposes strict physical network requirements, such as high-speed inter-device

links and low-latency interconnects.

4.5.6 DeepSpeed-MoE. DeepSpeed-MoE [40] extends DeepSpeed to optimize sparse MoE architectures. It combines EP
with ZeRO and TP, introducing optimized All-to-All communication patterns and structural variants (such as Residual

MoE) to reduce parameter and communication overhead.

4.5.7 SmartMoE. SmartMoE [53] is a framework tailored for MoE models, that overcomes static compilers by accounting
for dynamic token routing. It pairs offline search space construction with online search algorithm to improve load

balancing and overall training efficiency.

4.5.8 MindSpeed. MindSpeed [3] is a framework developed by Huawei and has been designed to optimize the training
of LLMs on Ascend Al processors. It integrates data parallelism, model parallelism, and pipeline parallelism, along with

memory optimization techniques such as ZeRO.

4.5.9 Hugging Face Accelerate. Hugging Face Accelerate [17] is a lightweight library developed by the Hugging Face
team, designed to tackle the challenges of distributed training in a user-friendly manner. It provides popular PyTorch
strategies such as DDP, FSDP, and DeepSpeed, and allows users to easily configure the system without dealing with
complex initialization and synchronization logic.

However, it has some limitations related to model parallelism and tensor parallelism. Moreover, it is not well-suited
for parallelizing the optimization of LLMs since it may struggle to optimize the communication patterns and memory
usage for large-scale models.
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4.5.10 Summary. In this section, we have discussed the advanced techniques and frameworks that have been developed
to address the challenges of training LLMs. In Table 2, we provide a summary of the most popular frameworks for

distributed training of LLMs, highlighting their parallelism strategies, communication and synchronization methods, as

well as their pros and cons.

Table 2. Comparison of Distributed Frameworks for LLM Training.

Framework Parallelism Strategy Communication and  Pros Cons
Synchronization
DeepSpeed [11] 3D (Data, Pipeline, Tensor),  All-Reduce, All-Gather =~ High memory efficiency, Complex hyperparameter

Megatron-LM [36]

Colossal-AlI [30]

Alpa [55]

Megatron-DeepSpeed
[12]

DeepSpeed-MoE [40]

SmartMoE [53]

MindSpeed [3]

Hugging Face
Accelerate [17]

ZeRO
Tensor, Sequence, Pipeline,

Expert, FSDP/DDP

Hybrid (1D/2D/2.5D/3D
Tensor, Pipeline, ZeRO)

Automated 3D
(Intra/Inter-operator)
Hybrid (Tensor, Pipeline,
ZeRO)

Expert, ZeRO, Tensor

Expert, Dynamic Routing

Hybrid (Data, Model,
Pipeline, ZeRO)

Data, Hybrid (DDP, FSDP,
DeepSpeed)

(Synchronous BSP)

Custom CUDA,
All-Reduce
(Synchronous BSP)

All-Reduce, CPU
Offload
(Synchronous BSP)

All-Reduce, P2P
(Synchronous BSP)

All-Reduce, NCCL
(Synchronous BSP)

All-to-All, All-Reduce
(Synchronous BSP)

All-to-All
(Synchronous BSP)

Custom HCCL
Primitives
(Synchronous BSP)

High-Level NCCL
Wrappers
(Synchronous BSP)

multi-tier offloading

High throughput, high GPU
utilization

Unified parallelism
ecosystem, well documented

Automated compiler search,
minimal manual config

High throughput, strong
memory scaling

Optimized MoE
communication, flexible
sparse scaling

Dynamic load balancing

Ascend processor
optimization, high hardware
speed

User-friendly interface,
simple configuration

tuning, hardware sensitivity

High CUDA expertise, limited
fine-tuning focus

Limited non-NVIDIA
portability, hardware lock-in

Poor PyTorch compatibility,
compiler overhead

High management
complexity, steep
interconnect demands

High network sensitivity,
communication overhead

Search space overhead,
complex runtime setup

Platform dependency

Limited model parallelism,
inefficient for massive LLMs

5 Conclusions

In this work, we have shown the critical importance of distributed machine learning in addressing the growing
computational and memory demands of modern deep learning models, particularly large language models. By exploring
foundational partitioning strategies, communication topologies, and distributed architectures, it is evident that the only
way to enable unprecedented model growth and training efficiency is through the adoption of distributed systems.

Although memory-centric optimizations and advanced parallelization strategies have significantly mitigated the
parameter memory wall, several open research issues remain. Future work must prioritize the development of more
efficient communication protocols, the design of adaptive and fault-tolerant distributed architectures, and the exploration
of novel optimization techniques that can further enhance convergence rates and model performance. Furthermore,
extending distributed training to edge environments introduces significant hardware heterogeneity, with devices
differing significantly in computational power, memory capacity, and energy constraints. This requires dynamic
scheduling, straggler mitigation, and energy-aware optimization. Alongside these technical demands, embedding
carbon- and water-awareness into workload placement and cluster management will be important to mitigate the
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growing environmental footprint of large-scale LLM training. Finally, lowering the barrier to entry through cost-efficient

performance training, alongside ensuring robust data privacy and security, will be crucial for the global widespread and
accessibility of distributed DL.
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A Parameter Server in practice

As we discussed in Section 3.1, the Parameter Server uses a centralized architecture to manage the model parameters and
coordinate the training process across multiple worker nodes. This appendix section will provide a practical example
on how the computation and communication flow occurs in a PS-based distributed training system, using a general

machine learning algorithm as a reference.

Algorithm 1 Distributed Subgradient Descent
Task Scheduler:

1: issue LOADDATA() to all workers —_—

2: for iterationt =0,...,T do worker 1

3: issue WORKERITERATE(t) to all workers 2. push 9q
servers A

4: end for

1. compute

Workerr=1,...,m:
s5: function LoapDATA
6: load a part of training data {y;,, x;, }Z;l

7 pull the working set wfo) from servers
8: end function

9: function WORKERITERATE(t)
10: gradient g\ Zr Ol(xig, Yiges w)

11: hg"
: push g, ° to servers . 1. compute
(t+1) training
12: pull w,""" from servers ki “m

13: end function

Servers:
14: function SERVERITERATE(%)

15 aggregate g — ¥, g1")
6wt w0 (g<t> + aQ(w(’)))

17: end function

In this toy example, the task scheduler orchestrates the training process by issuing commands to the worker nodes.
Each worker node loads its portion of the training data and pulls the initial working set of model parameters from the
servers. During each iteration, workers compute gradients based on their local data and push these gradients to the
servers. The servers aggregate the gradients, update the global model parameters, and send the updated parameters
back to the workers for the next iteration. This process continues until convergence or until a predefined number of

iterations is reached.

B Ring All-Reduce in practice

As described in Section 3.2, the Ring All-Reduce architecture utilizes a decentralized, peer-to-peer topology to aggregate
gradients without relying on a central server. This appendix section provides a practical example of the computation
and communication flow in a Ring All-Reduce distributed training system.
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Algorithm 2 Ring All-Reduce Distributed SGD

1:

2:

3:

10:

11:

12:

13:

14:

15:

Workerr € {0,...,N —1}:
function WORKERITERATE(t)

Compute local gradient gﬁt) — 2 (X, Yiges wi)

Split gﬁt) into N equal segments: so, ..., SN—1

forstep=1...N —1do
Send current segment to right neighbor (r + 1) mod N
Receive segment from left neighbor (r — 1) mod N
Add received segment to corresponding local segment

end for

forstep=1...N—-1do
Send completed segment to right neighbor (r + 1) mod N
Receive completed segment from left neighbor (r — 1) mod N
Overwrite local segment with received segment

end for

Update parameters w,(tﬂ) — wft) - qggt)

end function

> Reduce-Scatter Phase

> All-Gather Phase

In this decentralized example, the centralized task scheduler and parameter servers are removed, and workers

communicate directly within a logical ring topology. Each worker independently computes its local gradient and divides

it into N equal segments. The synchronization occurs in two distinct steps: Reduce-Scatter and All-Gather. During the

Reduce-Scatter phase, each node concurrently sends a gradient segment to its right neighbor while receiving a different

segment from its left neighbor, accumulating the partial sums at each step. In the subsequent All-Gather phase, the

fully accumulated segments are circulated through the ring, overwriting the incomplete segments until every node

possesses the aggregated gradient dataset. Finally, each worker independently updates its local model parameters using

the fully synchronized gradients.

C

Gossip Learning in practice

As we showed in Section 3.3, Gossip Learning is a fully decentralized, peer-to-peer architecture designed to train models

without a central coordinator. This appendix section provides a practical example of the asynchronous computation

and communication flow in a Gossip Learning distributed training system.
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Algorithm 3 Gossip Learning Distributed SGD

Worker r € {0,..., N — 1} (Asynchronous Loop):
1: function WORKERITERATE(t)
2: Compute local gradient gﬁt) — 2 (X, Yiges wi)

1
3 Update local parameters wr(Hz) — wﬁt) - r]gﬁ”

> Random Peer Sampling (RPS)
4 Select a random subset of peers P € {0,...,N — 1} \ {r}

> Push & Pull Phase
5 for each peer p € P do
6: Push: Send local parameters w£t+%) to peer p
7: Pull: Request parameters wi(,H%) from peer p
8 end for
> Aggregation Phase

9: Receive parameters from responsive peers Py.sp C P

(1) 1 (t+1) (t+1)
10: Aggregate: w, < Preplel | Wr A Y pePresy Wp

11: end function

In this architecture, every node operates as an independent entity, maintaining its own local copy of the model
parameters and training strictly on its local data. Unlike the synchronized steps of Ring All-Reduce, Gossip Learning
relies on an asynchronous execution flow. Periodically, each node utilizes a Random Peer Sampling (RPS) strategy to
select a random subset of peers from the network. The communication is driven by three primary primitives: nodes
Push their local model parameters to the selected peers, Pull the remote parameters from those peers, and Aggregate the
received data (typically by averaging) with their own local model. This design entirely eliminates the straggler problem
and is immune to single points of failure, naturally handling node churn as peers can join or leave the network without

halting the overall training process.
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