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ACRONYMS

AI Artificial Intelligence
API Application Programming Interface
ASIC Application Specific Integrated Circuit
CF Compression Factor
CNN Convolutional Neural Networks
CPU Central Processing Unit
DL Deep Learning
DNN Deep Neural Networks
DPO Direct Preference Optimization
FL Federated Learning
GD Gradient Descent
GPT Generative Pre-Trained Transformer
GPU Graphic Processing Unit
HPC High Performance Computing
IID Independent and Identically Distributed
IoT Internet-of-Things
LLM Large Language Model
MAC Multiplication and Accumulation
ML Machine Learning
MMU Matrix Multiply Unit
MPI Message Parsing Interface
NCCL NVIDIA Collective Communication Library
PS Parameter Server
RDMA Remote Direct Memory Access
RLHF Reinforcement Learning with Human Feedback
SGD Stochastic Gradient Descent
TCP Transmission Control Protocol
TPU Tensor Processing Unit

1. INTRODUCTION

With the advent of big data and Internet-of-Things (IoT), the number of smart devices has grown exponentially
over the years. These devices capture data across a wide range of modalities, such as image/video in smartphones and
surveillance camera feeds [298], audio and speech from smart speakers, text/language on phone/tablet keyboards,
and more. This data can be applied to Artificial Intelligence (AI) in order to extract keys insights and make
informed decisions. Machine Learning (ML) algorithms learn from given data to make decisions or predictions on
unknown data, generally falling under one of the following tasks: Regression, Clustering, Classification, Dimen-
sionality Reduction and Anomaly Detection [284]. Regression is used to relate a dependent variable to one or more
independent variables. Clustering involves grouping data points by measuring proximity with respect to a specific
field or property. Classification is done by categorizing data into one or more labels, while Anomaly detection helps
detect outliers [215].

ML algorithms can be classified as one of the following types based on the type of feedback used for learning:
Supervised, Unsupervised, Semi-supervised or Reinforcement learning. In supervised learning, a model learns a
function that maps input data to a certain output. Each input datum has an associated output label and the learning
function is tweaked accordingly for best fitting. In this way, the learned function can be used to predict output
for new input data. A considerable challenge to resolve in supervised learning is the bias-variance trade-off. Bias
comes from assumptions made by the learning technique to fit the target function. For e.g., a linear model will
perform poorly if the underlying data has non-linear properties. On the other hand, variance comes from running the
ML algorithm on a specific training set. Under high-variance, the performance of a learning technique varies with
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the training subset. This is because the algorithm models the specific attributes of training samples itself rather than
the underlying relationship between inputs and outputs. Regression and classification described earlier fall under
supervised learning. Unsupervised learning aims to learn a function when there are no output labels associated
with each input. The objective here is to capture the underlying structure of the data and group them together
based on certain attributes. Applications of unsupervised learning include clustering, dimensionality reduction and
generative models. Semi-supervised learning uses a mix of labeled and unlabeled data. Reinforcement learning
trains an agent operating in an environment and take actions such that positive actions are rewarded and negative
actions are penalized. This has applications in gaming, resource allocation and management, robotics, etc.

Of all the classes of ML algorithms, Deep Learning (DL) has garnered limelight by achieving state-of-the-art
results in recent years. Gradient Descent (GD) [235] is the workhorse of DL models that faciliates iterative learning
given the current loss and state of model parameters. Neural networks typically converge after multiple traversals
over the entire training data, where each pass is referred to as an epoch. Convergence is heavily influenced by DL-
specific variables or hyperparameters like batch-size, epochs, learning rate or step-size, activation function, weight
decay, dropout, regularization, type of GD optimization used, etc. GD minimizes a loss function that compares
ground truth with a model’s predictions by adjusting model parameters in the negative direction of the gradient. A
model with parameters wt at iteration t, loss function L(·) and learning rate η is updated at iteration (t+1) as per
Equation (1):

wt+1 = wt − η · ∇ft where ∇ft =
∂L
∂wt

(1)

In Full GD, gradients are computed over the entire training dataset at every iteration before GD update. Although
the gradients are most accurate in this case, it is impractical as the per-iteration time is too high. As an alternative,
Stochastic Gradient Descent (SGD) picks a random sample from the training subset to compute loss, gradients and
perform SGD update. Additionally, SGD does not leverage vectorization of multiple samples on fast accelerators
like Graphic Processing Unit (GPU)s. The gradients here are highly noisy as its taken from a single sample and
thus, not representative of the true gradients computed over the entire training data. For a convex problem training
to T iterations, SGD has been shown to have a convergence rate of O(1/T ), while a non-convex problem like a
neural network converges at O(1/

√
T ) [58], [181], [203]. Mini-batch GD is the optimal middle ground between

the former two such that a batch is randomly sampled at every iteration for training. The steps involved in training
of SGD-based algorithms are described as follows:

1.) Independent and Identically Distributed (IID) sampling of a batch of training data at every iteration.
2.) compute the loss between model’s prediction and the ground truth.
3.) compute gradients, i.e., partial derivative of the loss function with respect to model weights or parameters.
4.) Post gradient calculation over backpropagation, apply updates to model parameters.

A. Prior Art in Deep Learning

Deep Neural Networks (DNN)s learn non-linear functions and relationships by repeatedly training on given data
in a supervised/semi-supervised manner and learning via feedback. Although the first perceptron [232] was proposed
in 1958, and Convolutional Neural Networks (CNN) [163] as well as long short-term memory (LSTM) [133] in
the late 90s, some of the major breakthroughs have only happened at the turn of the last decade. Since then, CNNs
dominate computer vision and segmentation benchmarks, while recurrent neural networks (RNN) like LSTM or
attention-based transformers [283] like BERT [95] represent state-of-the-art approaches for time series prediction,
machine translation, speech recognition and natural language processing. Back in 2012, AlexNet [158] won the
ImageNet Large Scale Visual Recognition Challenge (ILSVRC) [94] by achieving 83.6% Top-5 test accuracy. The
model consists of 8 layers: 5 convolutional and 3 fully-connected (FC) layers, and used a novel activation function
to introduce non-linearity at the time, called rectified linear unit (ReLU) [200]. Another key contribution of this
work was to use general purpose graphic processing units (GPGPU) to accelerate training. AlexNet was trained on
NVIDIA GTX 580 GPU with 3GB video memory. Following AlexNet, VGG16 [254] won the ILSVRC challenge
in 2014, achieving 92.6% Top-5 test accuracy. The model comprises of 13 convolutional and 3 FC layers. The
residual network called ResNet [131], introduced in 2015 used skip connections to solve the vanishing/exploding
gradient problem that plagued contemporary deep networks. ResNet152 obtained 96.4% Top-5 test accuracy in the
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2015 ILSVRC competition. Transformers [283] introduced the concept of attention in 2017 and laid the foundation
for modern Large Language Model (LLM)s like OpenAI’s Generative Pre-Trained Transformer (GPT)-4 [39],
Google’s BARD [34] and Meta’s LLaMA [35]. The attention function of a transformer maps a query to a set of
key-value pairs and produces an output. From [283], a transformer layer consists of a self-attention block followed
by a two-layer fully connected network. The input consists of queries (Q) and keys (K) of dimension dk. The
output is calculated as a weighted sum of the values (V ), where the weight assigned to each value is computed

by a compatibility function of the query with the corresponding key: Attention(Q,K,V) = softmax(
QKT

√
dk

)V .

The original transformer model was shown to achieve a BiLingual Evaluation Understudy (BLEU) score [208]
of 24.8 on WMT-14 (Workshop on Machine Translation dataset) English-to-German translation task and 41.8 on
English-to-French translation.

B. Need for Scalable Distributed Training

According to OpenAI, the size of DL models is growing at such a pace that the computational requirements
doubles every 3.5 months [32], while updated surveys estimate around 5-6 months [243]. The publication year and
size of some leading DL models is described below:

• 2018: GPT [217] with 100M and BERT [95] with 340M parameters.

• 2019: GPT-2 [218] with 1B, XLNet [306] with 110M and Transformer-XL [89] with 257M parameters.

• 2020: BART [166] with 140M, DialogGPT [319] with 1.5B, T5 [220] with 11B and Turing-NLG [33] with
17B parameters.

• 2021: ViT (Vision Transformer) [99] with 86M-22B, GPT-Neo [68] with 20B and DALLE [223] with 12B
parameters.

• 2022: Stable Diffusion [231] with 890M, DALL-E2 [222] with 3.5B, BLOOM [300] with 176B, Megatron-
Turing NLG [255] with 530B, Google’s PaLM [229] with 540B and GLaM [102] with 1.2T parameters.

• 2023: Sparrow [116] with 70B, GPT-3.5 [38] has 3 variants with 1.3B, 6B and 175B parameters, ChatGPT
[36] with 175B, Google’s PaLM-2 [267] with 340B.

• 2024: GPT-4/4o [207] with 1.76T parameters, Anthropic’s Claude-2 and 3 [22] with 20B, 70B and 2T variants,
Google’s Gemini [266] with 1.5T, Meta’s LLaMA-2 and 3 [268] with variants between 2-70B parameters, and
Claude Sonnet 3.5 [1].

• 2025: OpenAI o1/o3 [16], DeepSeek-v3 [104] and DeepSeek-R1 with 671B total parameters [105].

From the trend above, it is evident that models have exponentially grown in size and complexity over time, and
will continue to do so in the foreseeable future. Assuming each model parameter is stored as a single-precision (i.e.,
32-bit) float, a model with 1 billion parameters would require over 4GB memory just to store model parameters.
Scaling to a 1 trillion parameter model increases memory requirements to over 4000 GB. In addition, memory is
also needed to hold the computation graph to store gradients and activation maps computed in backpropagation.
Techniques like gradient checkpointing [120] trades memory for computation by flushing intermediate data from
the computation graph to reduce memory utilization. This comes at the cost of increased computation as flushed
activation maps need to be recomputed whenever needed. The enormous volumes of multimodal data is parsed and
fed to these models one batch at a time. Although using large batch sizes is efficient and accelerates training, it
further increases the memory consumption for DL training. Even if one could fit a model on a single node/device,
the time taken to train such models on massive training sets is very high, sometimes taking days, weeks or even
months [37]. It is thus crucial to develop distributed and parallelizable algorithms for training massive datasets on
large and complex DNNs.
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2. INTEGRATING DEEP LEARNING WITH HIGH PERFORMANCE AND DISTRIBUTED COMPUTING

A. Hardware-Software Co-Design for DL Applications

1) Hardware developments
Training neural networks is compute-intensive, involving numerous Multiplication and Accumulation (MAC)

operations on vectors, matrices or tensors in the forward pass, and gradient computation in the backpropagation
phase. In the early days of deep learning, training was carried out on general purpose processors, i.e., Central
Processing Unit (CPU). CPUs are designed to have a small number of general cores, while GPUs come with a
large number of specialized cores. Additionally, CPUs are capable of executing a wide variety of instructions,
while GPUs are designed to deal with data streams and work with a smaller set of instructions. GPUs were first
built on a Single-Instruction-Multiple-Data (SIMD) model such that all cores could only execute the same piece
of user program. Thus, they were initially not optimal for training neural networks. Eventually general purpose
GPUs (GPGPUs) were built with a more flexible architecture and designed keeping parallel computing and High
Performance Computing (HPC) in mind. Libraries like cuBLAS [12] were developed to bring GPU-accelerated
implementation of basic linear algebra subroutines (BLAS) for AI and ML applications. The numerous MAC
operations performed during training can thus be accelerated over the many cores of general purpose GPUs. Thus,
adding GPUs for training can essentially be viewed as scaling up the training infrastructure. The GPGPU NVIDIA
GTX 580 was first used for training AlexNet in the 2012 ImageNet challenge, and turned out to be significantly
faster than training on CPUs [75].

There has also been considerable development in Application Specific Integrated Circuit (ASIC) for accelerating
neural network training. Compared to CPUs and GPUs, such ASICs have more optimal performance, better energy
efficiency, or both. One popular ASIC developed for deep learning is Google’s Tensor Processing Unit (TPU)
[206]. A Matrix Multiply Unit (MMU) based on a systolic array lies at the heart of the TPU. The ASIC uses a
Multiple-Instructions-Multiple-Data (MIMD) architecture which allows for execution of several instructions over
multiple data streams. TPU v1.0 was shown to be 15-30× faster than a NVIDIA Tesla K80 GPU [14] and an Intel
Haswell CPU, and 30-80× as efficient [206].

2) Software developments
To compliment hardware acceleration in deep learning, various frameworks and software libraries have been built

[156]. The main objective of any ML library is to facilitate quick design, prototyping and deploying of a deep
learning model. Although now discontinued, Theano [270] was widely used to optimize and evaluate mathematical
expressions for multi-dimensional arrays back in mid-2000s. Google’s TensorFlow [44] is an open-source framework
designed for training models at large scale in heterogeneous environments. It translates the entire model as a static
computational graph comprised of nodes and edges. The nodes represent an operation (of type tf.Operation),
while edges represent flow of data or a tensor (of type tf.Tensor) between different operations. Once a computation
graph is created, it cannot be modified. Upon creation, it is fed to the TensorFlow execution engine, which performs
further optimizations and launches computations via lazy loading, i.e., launches computations on nodes in the order
of their dependency. Additionally, it comes with out-of-the-box support for CPU-GPU computations and supports
a variety of programming languages like Python, Java, C++ and Javascript.

TF was inspired by a closed-source framework used internally by Google called DistBelief [91]. It supported data
and model parallelism across thousands of CPU cores (and later GPUs as well). To address systems heterogeneity
among worker replicas and handle replica failure, DistBelief supports data-parallelism via Downpour SGD and
Sandblaster. Downpour SGD asynchronously pushes gradient updates to and from a central server coordinating
server after a certain number of steps. Increasing the steps reduces the communication cost of aggregating up-
dates from multiple model replicas. Since downpour SGD does not wait for updates from all workers at every
iteration, it is more robust to node failures as training will not halt on account of failed replicas. Sandblaster
is a framework that supports distributed batch optimization techniques like distributed L-BFGS (Limited-memory
Broyden–Fletcher–Goldfarb–Shanno algorithm) [189]. It uses an external coordinator to divide work among model
replicas as well as the central server shards holding model parameters.

MXNet [81] is a deep learning library that, like TensorFlow, also represents models as a dataflow graph and
supports a variety of programming languages. The appeal of MXNet over TensorFlow lies in the fact that its
programming model is both imperative as well as declarative. Declarative programming prioritizes optimization
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over a clearly specified computation graph, while an imperative model offers more flexibility in designing new
and custom models as well as model debugging. Additionally, MXNet comes with it own key-value store based
implementation of a parameter server [168] for distributed training called KVStore. The store provides simple set/get
operations for pushing/pulling model updates and also supports consistency models like sequential and eventual
consistency.

Caffe [143], short for Convolutional Architecture for Fast Feature Embedding, was developed by Berkeley AI
Research (BAIR) to have a declarative, fast and modular deep learning framework. Following, Caffe2 [5] was
developed by Facebook (now Meta Inc.) as a developer-friendly framework for large-scale model deployment. It
comes with Python and C++ bindings and compatible to be run across multiple mobile operating systems and even
small SoCs (System-on-chips) like Raspberry Pi. Caffe2 provides AllReduce-based decentralized communication
via libraries like Message Parsing Interface (MPI) and NVIDIA Collective Communication Library (NCCL) [31]
for distributed training across multiple CPUs or GPUs.

Formerly Meta’s PyTorch [210] (now part of the Linux foundation), initially based on Lua-based library Torch
[24], was later integrated with Caffe2 to provide a unified framework for deep learning. Out of the box, PyTorch
comes with a distributed training module [170], tools for model deployment and serving [26], API for mobile
development [25] and cloud support. PyTorch supports dynamic computational graphs that can be modified at
runtime, and provides three levels of abstraction: Tensor, Variable and Module. A Tensor is an imperative n-
dimensional array to be executed on a core, while a Variable is a node in the computation graph that stores the
data and gradient. The layers of a neural network written in PyTorch are abstracted under a Module which stores
the model state.

Petuum [301] was developed with the target of big data and large model training. It thus supports data and
model parallelism to scale-up/scale-out distributed training. Petuum uses a Parameter server approach with stale
synchronicity for communication-optimal distributed training. Due to stale synchronous communication approach,
final model quality may not be as good as fully-synchronous training with Parameter servers or AllReduce-based
aggregation. It also comes with default support for Apache Hadoop and HDFS [251]. To enable model-parallelism
in Petuum, developers need to implement the schedule and pull method in order to schedule computation and
aggregation on partial parameters among worker replicas.

CNTK [240], Microsoft’s Cognitive Toolkit made two key contributions: it implements compression via 1-bit
SGD that quantizes gradients to 1-bit. This considerably reduces communication cost of aggregating gradients
among all worker replicas. CNTK also proposes Block-momentum SGD that divides training data into multiple
blocks and splits. Each worker trains a split on each block and computes gradients across all splits within a block.
The gradients are then averaged to get weights for the block. Finally, block updates are fused into a global model
such that the SGD update uses a block-level momentum and learning rate schedule. In addition, CNTK supports
automatic hyperparameter tuning for training space exploration, comes with optimized dataloaders for massive
training datasets, and provides high as well as low level Application Programming Interface (API) in Python,
C++, C# and Brainscript. Another deep learning kit from Microsoft called Distributed Machine Learning Toolkit
(DMTK) [10] was built to be used on top of CNTK. It comes with a custom Parameter server implementation
called Multiverso for asynchronous communication patterns.

MLlib [195] is a library built for training models over the big data stack and integrated into Apache Spark [312].
Keras [85] is a high-level library that uses Tensorflow, Theano or CNTK as its backend. It comes with a scikit-learn
type API and enables quick prototyping of DNNs, runs on both CPU and GPU, and completely modular in design.

Recent optimization libraries like DeepSpeed [4], [227], [289] enhance training and inference efficiency by
combining compute, communication, memory and I/O. DeepSpeed minimizes memory footprint during training
through the Zero-Redundancy optimizer (ZeRO) by partitioning the model and gradient states across multiple
processes [221], uses mixed-precision training, supports a data-sampling pipeline for curriculum learning where
simpler examples are presented during early training and difficulty is progressively increased [62], and enables
training of Mixture-of-experts (MoE) models [145] where multiple networks contribute towards the final output
through a gated network that helps redirect the input towards different experts. Additionally, it supports various
parallelization strategies such as data parallel, model parallel, pipeline parallel as well as their combinations (different
parallel schemes are discussed in greater detail in §2-B).

PyTorch FSDP module (fully-sharded data-parallel) [324] shards across multiple devices or nodes for fast training
of large DNNs, particularly ones that that too big to fit on a single device. FSDP additionally performs gradient
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sharding and optimizes communication by exchanging only the necessary shards and via mixed-precision training.

B. Parallelization strategies for Distributed Deep Learning

Training a neural network is an iterative-convergent process that requires repeatedly feeding a model with large
amounts of data until the loss between model prediction and ground truth reaches a low enough target. As mentioned
in §1-B, it is necessary to distribute deep learning models across multiple nodes/devices either when: (i) a model is
too big to be accomodated on a single node. (ii) the training data is huge or the duration of training (i.e., iterations
or epochs) is too high for the model to run sequentially on a solo machine.

Based on the type of partitioning and the granularity of parallelization applied on a model, there are three broadly
defined classes of parallelism for distributed training of DL models [284], [265], [162]:

• Data Parallelism: Here, a model is replicated across multiple workers such that each worker trains indepen-
dently on a unique subset of data [244]. The model then computes gradients from unique mini-batches on the
individual workers. In case of synchronous data-parallel training [230], the gradient updates are exchanged
among workers, followed by applying SGD update using the aggregated gradients to adjust model parameters.
In contrast, local gradients could first be applied to the local model parameters, followed by parameter
synchronization among workers. Both gradient and parameter aggregation strategies are equivalent in fully
synchronous training as long as the initial model state prior training was identical among workers, data is
sampled in an IID manner and synchronization operation is called at the end of every iteration. Depending on
the topology, there are asynchronous [178] and partially-synchronous [132] data-parallel training algorithms as
well. Data-parallel training is supported by most deep learning frameworks like deeplearning4j, MLlib, Caffe2,
CNTK, Tensorflow, PyTorch, MXNet, Petuum [48], [195], [5], [240], [43], [301], [170], [81].

• Model Parallelism: We partition the model itself instead of training data among participating workers in
this approach. This means that there is a single global model split across a cluster of nodes such that each
worker operates on a small part of the entire model. Model-parallelism is necessary for training when a
model cannot be loaded into memory of a single device [72], [250]. This strategy is also useful in inference
tasks and model serving, especially when device memory is limited and request-rate is low [177]. It can be
implemented by partitioning a model horizontally or vertically. Vertical partitioning involves splitting a model
by the layers, while horizontal partitioning splits model parameters across multiple layers. It is crucial to design
optimal partitioning schemes as model-parallel tends to be communication-heavy. Communication is required
in the forward pass to communicate intermediate data between workers, while it is necessary to transmit
gradients and activation maps in the backward pass. Further, naively splitting layers can lead to unbalanced
parameter sizes on some workers leading to computational stragglers or network saturation on account of
frequent communication of large tensors. Although majority of DL frameworks support data-parallelism, not
all libraries support model-parallelism out of the box as it generally requires non-trivial code integration that
may be specific to the architecture of a given model. Some of the frameworks that trivially support model-
parallelism include TensorFlow, PyTorch, MXNet and Petuum. Model-parallel can further be branched into
pipeline and tensor-parallelism, described as follows:
– Pipeline-Parallel: Basic model-parallelism suffers from poor device utilization since only one worker is

active at a time. Pipeline-parallel adds to model-parallelism by splitting training mini-batch into multiple
micro-batches and pipelines their execution across workers. The idea was first proposed in GPipe [137] with
the goal of partitioning models to better utilize cluster hardware and maximize application throughput.

– Tensor-Parallel: Here, the computations within a single layer, such as feature maps, gradients and error
tensors are split across multiple nodes or devices. This way, each device handles a subset of computations
performed for a single layer, i.e., intra-layer parallelism [287].

• Hybrid Parallelism: Various solutions have been proposed combining different parallelization strategies either
for more optimal scaling of deep learning models or improving overall throughput/reducing training time.
Examples include GPipe [137] that combines model-parallelism with pipeline-parallelism. Another framework
called PipeDream [201] combines data, model and pipeline-parallelism. Compared to synchronous data-parallel
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training, PipeDream has considerably lower communication overhead as only partial tensors from a layer
are communicated instead of the entire model gradients. Additionally, pipelining the input with micro-batch
training allows complete overlap of computation and communication. Another fusion of model with pipeline-
parallelism is NASPipe [322] that optimizes the training of a supernet as part of its neural architecture search
(NAS). FlexFlow [144] evaluates different parallelization strategies with a Markov Chain Monte Carlo (MCMC)
search algorithm. Works like HyPar [258] combines data, model and tensor-parallelism and partitions feature
maps, kernels, gradients and error tensors to minimize overall communication cost, while AccPar [257]
further optimizes the cost model to take computation into account over heterogeneous accelerator arrays.
ZeRO and DeepSpeed [221] combine data and model-parallelism to overcome the limitations of each; high
memory footprint of data-parallelism and poor scaling of model-parallelism due to fine-grained computation
and expensive communication.

C. Training under Different Cluster Topologies

(a) Centralized Star (b) Decentralized Ring (c) Decentralized Tree (d) Decentralized P2P

Fig. 1: Basic network topologies in distributed computing.

Besides the parallelization scheme used for training, the arrangement of the physical nodes and devices within
the cluster, i.e., the topology is another aspect to consider in distributed deep learning. As different workers/devices
perform forward-backward pass on their local training data and model replicas, the updates at the end of each
iteration are dictated by the particular communication pattern chosen in a given setting. The topology of a cluster
determines the degree of distribution as well as the latency between the individual nodes for synchronizing model
updates. Thus, the overall throughput of training a model can vary from topology to topology given a particular
communication pattern (synchronous, asynchronous, stale-synchronous, etc.). A network topology can be classified
as centralized or decentralized [61] based on the physical node arrangement.

• Centralized systems: This type of topology assumes a central location where the global copy of the model
is stored or all the individual updates from workers are sent to for centralized processing (like applying
SGD update). Thus, a centralized topology follows a hierarchical approach to aggregation where the reduction
operation may be performed on the computed gradients or model parameters depending on the synchronization
mechanism. A Parameter Server (PS) [168] strategy running a single parameter server and multiple workers
training concurrently on different batches of data is an example of a centralized topology. At the beginning of
every iteration, workers pull global parameters from the PS and compute gradients during backpropagation.
The updates from the workers are then pushed to the PS which averages all the gradients and updates model
parameters before proceeding to the next iteration. In Ensemble learning [112], multiple models are combined
to produce an averaged model with better generalization performance. Workers train a model locally, which is
then sent to a centralized location to produce an aggregated model. For a non-convex problem running for T
iterations across N workers, centralized parallel SGD has been show to have a convergence rate of O(1/

√
TN )

[49], [92], [179]. The communication complexity is proportional to the number of workers, O(N ), while the
computational complexity to get a ϵ-approximate solution is O(N/ϵ + 1/ϵ2) [181]. Figure (1a) shows a
centralized system based on star topology where one node is connected to all other nodes in the system.

• Decentralized systems: Unlike centralized topology, there is no single node in decentralized systems that
serves as the solo point of aggregation. Each worker keeps a local model replica and may only communicate
with its neighbors. A tree or a ring topology is such an examples of a decentralized system. A node can
only communicate with its parents and children nodes in a tree topology. In a ring topology, a node can
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communicate only with its left and right neighbor. A PS strategy will multiple parameter server shards such
that each holds a subset of the global parameters [146] can be considered decentralized as not a single node
can be a potential single point of failure (SPOF). A peer-to-peer network has every node is connected to every
other node. Such a topology has high scalability as workers can directly communicate with each other and the
network will not get saturated due to heavy traffic to/from a single or a subset of nodes. [181] also demonstrated
that the convergence rate in decentralized systems is O(1/T + 1/

√
TN ), if T is large enough. Although the

computational complexity is decentralized training is the same as centralized, i.e., O(N/ϵ + 1/ϵ2) [181], the
communication complexity is considerably lower, equal to the degree of the network O(Degree(network)).
Gossip-based architectures are another example of decentralized systems where a worker communicates with
a subset of workers. A challenge in gossip-based algorithms is to attain consensus, i.e., identical model state
among all workers in the cluster. Communication in decentralized systems is facilitated via collectives and point-
to-point (P2P) primitives like AllReduce, Broadcast, Scatter, Reduce, iSend and iRecv. Libraries like OpenMPI
[17], NCCL [31] and Gloo [6] provide efficient and fast implementation of these collective operations such as
Ring-AllReduce, Tree-base AllReduce and Recursive Doubling [211], [106]. Faster interconnects (PCIe gen-4
with 16 GT/s, gen 5 with 32 GT/s and NVLinks [167]) and high speed NiCs (network interface cards) on
multi-GPU systems have made decentralized systems even more popular over the years [281]. Open-source
libraries like Horovod [242] implement efficient inter-GPU communication via ring reduction. It is compatible
with both PyTorch and TensorFlow and can be integrated in only a few lines of code such that it uses MPI for
multi-CPU, and NCCL for NVIDIA-based multi-GPU communication. Figure (1b)-(1d) shows decentralized
systems in ring, tree and peer-to-peer (P2P) topology respectively.

D. Deep Learning with Model-Parallelism

Efficient model-parallel partitioning schemes are more critical than ever with the growing size of DL model (read:
large language models). These strategies are also necessary when training or deploying models on the edge where
devices have relatively lower compute resources (i.e., CPU, memory and storage) compared to a typical HPC cluster
or the cloud. Naively partitioning a model can even lead to failures like OOM (out-of-memory) error when devices
in the cluster suffer from systems heterogeneity. An example of systems heterogeneity would be a 2 GPU cluster
where one is a Tesla K80 with 11 GB VRAM and the other is an Ampere A100 with 40 GB VRAM. Splitting
a hypothetical model with 50 GB worth of parameters evenly into half (i.e., 25GB each) among the GPUs will
not work as the smaller device cannot accommodate its partitioned share. Thus, model-parallel training warrants
intuitive partitioning schemes. The communication overhead is another important consideration with this approach.
Model-parallel training needs to communicate its intermediate data among workers that hold consecutive layers of
a model. For devices n1 and n2 holding model layer i and (i+ 1) respectively, intermediate data needs to be sent
from layer i to (i + 1) during forward pass between n1 to n2. During backpropagation, gradients and activation
maps are communicated from (i+ 1) to i between n2 to n1. For a model with L layers, the total communication
time tcomm at the end of an iteration in model-parallel is given as shown in Equation (2).

tcomm =

L∑
i=1

(α⌈log(P )⌉+ βB
N − 1

N
di) + 2

L∑
i=2

(α⌈log(P )⌉+ βB
N − 1

N
di−1) (2)

Here, α and β refer to the latency and inverse bandwidth in accord with the α-β communication model, N is
the number of workers, L is the number of DNN layers and B is the mini-batch size. The first sum is the time
taken by all-gather required after every layer, while the second sum accounts for the all-reduce time for transmitting
gradients during backpropagation. Here, we used ring-allreduce and Bruck’s algorithm for all-gather [269].

• AMP: Algorithms like asynchronous model-parallel [114] are specially designed to train on networks of
interconnected devices like GPUs. Gradients are computed and accumulated on each device until it reaches a
certain threshold, following which those updates are applied and the accumulator buffer is cleared. The local
update is executed in an asynchronous manner, i.e., without any synchronization with neighboring DNN layers
across other workers. The accumulation/update frequency is user-specified; a small value increases gradient
staleness while a large value reduces gradient variance at the cost of infrequent updates and thus, slowing
down model convergence.
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• SpecTrain: [79] proposes pipelined model-parallelism with high GPU utilization via a weight prediction
technique. DL training with pipeline processing ensures high device utilization by constantly processing mini-
batches in the worker pipeline, but suffers from gradient staleness and weight consistency issues. The staleness
comes from the later mini-batches in the pipeline begin processing before the previous mini-batches have
successfully updated model weights. SpecTrain predicts future weights to perform computations for the current
mini-batch instead of using stale parameters. The key idea here is that smoothened gradients in momentum
SGD [204] reflect the trend of parameter updates. For a decay factor γ and gradients gt computed at iteration
t, momentum SGD is given by vt = γ · vt−1+(1−γ) · gt. We replace the actual gradients gt with smoothened
gradient vt to perform SGD update to compute predicted weights such that Ŵt = Wt− η · vt−1. For a specific
version of weights and version difference s, SpecTrain recursively applies its modified SGD update equation
as Ŵt = Wt − s · η · vt−1.

• Alpa: Frameworks like Alpa [326] fuse data, model and pipeline parallelism. It further classifies model-
parallelism as inter-operator and intra-operator parallelism. In intra-op parallelism, the individual layers or
operators of a model are partitioned among workers, while inter-op parallelism partitions the computational
graph itself. A sharding spec is used to define the layout of a tensor. For example, a matrix or a 2-dimensional
tensor X0X1 can be sharded such that Xi = S implies the i-th axis of the tensor is partitioned. Thus, SX1

means the tensor is row-partitioned, X0S implies it is column-partitioned, SS means both row and column
are partitioned and X0X1 implies it was replicated without any partitioning.

• Cross-mesh resharding: [328] is a communication pattern for large-scale model parallelism based on inter and
intra-operator parallelism. This is a many-to-many multicast communication problem where a sharded tensor
is sent from a source to a destination device mesh. To address this issue, [328] proposes an efficient broadcast
communication mechanism and an overlapping-friendly pipeline schedule.

• Diversely Stale Parameters (DSP) : Layer-wise Staleness and DSP [302] deal with straggler slowdown in
model-parallel training. Sequential propagation of activations and error gradients suffers from backward and
forward locking due to computation dependency between consecutive layers. The update stage is also locked
as backward pass will not begin until forward pass has fully executed. Layer-wise staleness allows different
layers of a model to be trained independently with stale parameters, thus removing the synchronization barrier
in model-parallelism. Based on this idea, the proposed DSP algorithm trains a model such that lower layers use
more stale information than upper layers for parameter update. To reduce memory footprint, it also incorporates
checkpointing and recomputation [120]. The authors provide a convergence analysis for DSP which is proved
to converge to critical points for non-convex problems with SGD and momentum SGD.

E. Training with Hybrid Parallelization Schemes

Data-parallelism assumes the entire copy of the model and intermediate can fit onto the memory of a single
device. Although model-parallelism partitions a model at varying granularity (i.e., inter and intra-op parallelism), it
still suffers from poor device utilization as devices have to sit idle in sequential components of forward-backward
pass. To alleviate this problem and improve overall system utilization, pipeline parallelism splits a mini-batch
into micro-batches and keeps the execution pipeline full at all times, while tensor parallelism leverage intra-layer
parallelism to split the individual layer of a model across many workers. The most effective training methodologies
combine pipeline, tensor and hybrid parallelism for large model training, few of which are described here:

• PipeDream: [201] partitioned a model into multiple stages where each stage residing on one device is a
collection of a consecutive set of model layers. To ensure high GPU utilization, multiple mini-batches are
fed to the training pipeline, thus combining data, model and pipeline parallelism. After forward pass, each
stage asynchronously sends its output activations to the next stage while concurrently processing a new mini-
batch. Upon completion of backward pass, each stage similarly communicates its gradients asynchronously
to the previous stage while computing a new mini-batch. Asynchronously transmitting output activations or
gradients in-between stages results in better hardware efficiency due to significant overlap of computation and
communication. The communication overhead itself in PipeDream is lower than conventional data-parallel
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training as the intermediate data and gradients communicated for any stage are significantly lower than the
entire parameters exchanged in data-parallel. To efficiently partition layers across workers, PipeDream also
implemented a profiling mechanism to measure for every layer its total computation time across forward-
backward pass, the size of output activations and backward gradients for the layer, and the parameter size for the
given layer. Using these metrics, the partitioning algorithm uses dynamic programming to output a partitioning
of layers into stages, replication factor required for each stage, and the number of active mini-batches (NOAM)
needed to keep the training pipeline busy. Every worker in pipelined training can either perform forward work
by processing a new mini-batch and traverse from initial to final layer stages, or perform backward pass of
computing gradients for current mini-batch. PipeDream uses one-forward-one-backward (1F1B) scheduling
mechanism where each stage alternates between performing forward and backward pass for a mini-batch.
To deal with parameter staleness, PipeDream uses weight stashing and vertical sync. The former keeps a
separate versions of model parameters for each active mini-batch. Thus, we use the same copy of weights for
both forward and backward pass of a specific mini-batch and ensure consistency in weight updates. Vertical
sync eliminates inconsistency across stages where the latest version of model weights is used for computing
activations and gradients based on the active mini-batch.

• GPipe: [137] proposed a batch-splitting pipeline that resulted in near-linear speedup on a multi-GPU setup.
Similar to PipeDream, a model can be partitioned into a sequence of layers such that consecutive layers are
placed in a common cell that is placed on a worker. Instead of a sequence of active mini-batches in the training
pipeline, GPipe splits a mini-batch itself into micro-batches and pipelines its execution across partitioned cells.
The gradients over all the micro-batches are accumulated synchronously before applying the SGD update. Thus,
updates are consistent regardless of the total partitions. Compared to data-parallel training, the communication
cost of GPipe is lower as well since only output activations or gradients corresponding to a cell of layers
needs to be communicated rather than the entire model parameters.

• HyPar: [258] is a hybrid parallelism technique that combines data, model and tensor-parallelism to split
the input and output feature maps, gradients, kernel tensors as well as error tensors across every layer of a
DNN. Given a cluster of nodes, HyPar partitions a model in linear time using a hierarchical layerwise dynamic
programming method. The objective of the partitioning scheme is to minimize the overall communication cost in
distributed DL. Compared to model-parallel, this approach significantly reduces the cumulative communication
overhead, and gives significant performance and efficiency gain over data-parallelism. An extension of this
work, called AccPar [257] further optimizes for distributed training over heterogeneous workers by modifying
the cost model to include computation and communication in order to generate the layer-partitioning scheme.

• PTD-P [202] combines pipeline, tensor and data-parallelism to train large language models with good applica-
tion throughput. It implements pipeline parallelism across multi-GPU servers, tensor-parallelism within a multi-
GPU server, and data-parallelism to train up to trillion parameter models. With data and model parallelism,
the former should be used to scale-up training to more devices, while the latter should be used such that
its model parameters and intermediate metadata can fit in the device memory. For pipeline-parallelism, the
optimal microbatch-size depends on the overall throughput and memory footprint characteristics of the model,
along with the pipeline depth, degree of replicated model state (i.e, data-parallelism) and overall batch-size.

• NASPipe: [322] proposed pipelined training of a supernet (i.e., a collection of DNNs with different architectures
and hyperparameter configurations that are trained collectively). To reduce GPU memory footprint and improve
execution efficiency, NASPipe uses a context switching approach where it moves the whole supernet to CPU
memory, predicts a subnet’s schedule and loads or evicts a subnet before or after its execution. It performs
supernet training via causal synchronous parallel pipelining such that the supernet is partitioned across workers
and concurrently executed as a collection of various subnets. The causal dependency in a supernet arises from
different subnets working on the same set of layers. If subnet s1 performs computation with layer l, followed
by subnet s2 working on l as well, then s2 has a causal dependency on s1 because s2 should read parameters of
l in its forward pass with the update made in the backward pass of s1. NASPipe parallelizes supernet training
with inter-subnet parallel task generation and pipeline parallelism. For the former, it launches multiple subnets
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concurrently such that each subnet processes one input batch. Each subnet is the partitioned into multiple stages
such that one device holds a single stage and forms parallel subnet executions into a pipeline. NASPipe has
various processes as part of its execution: a scheduler that observs tasks in forward and backward pass queues
and checks whether it satisfies dependency preservation of its CSP (causal synchronous parallel) pipeline, a
predictor that forecast upcoming tasks with maximum likelihood to be scheduled in coming steps, a context
executor that iteratively fetches context schedule from CSP and executes subnets, and a context manager that
shares the supernet context with the context executor for completely asynchronous management. NASPipe
achieved upto 7.8× better performance than baselines for supernet training even with causal dependencies
among subnets.

• HetPipe: [209] is a distributed DL system that integrates pipelined model-parallelism (PMP) with data-
parallelism (DP) on heterogeneous GPU clusters. A group of GPUs called a virtual worker trains on mini-
batches in a pipelined manner. Multiple virtual workers are deployed for data-parallel training. HetPipe
synchronizes updates among these virtual workers (doing both PMP and DP) with Wave Synchronous Parallel
(WSP) communication. WSP extends the stale-synchronous parallel communication model [132] to include
PMP and DP training for multiple virtual workers. Each virtual worker suffers from local and global staleness
as it keeps a local copy of model parameters that it synchronizes infrequently. Local staleness arises due to
pipelined mini-batches that may not reflect the current weights as computed by the last mini-batch. Global
staleness comes from WSP in an attempt to reduce the communication overhead between virtual workers
and the parameter server. A worker pushes aggregated updates from a wave (i.e., a sequence of mini-batches
processed concurrently in a virtual worker) instead of pushing updates of every mini-batch to the parameter
server. Compared to baseline synchronous data-parallel training, HetPipe converged upto 49% on state-of-the-
art DL models.

3. TRAINING ALGORITHMS AND COMMUNICATION PATTERNS IN DEEP LEARNING

A. Overview of Distributed Training Techniques

A plethora of distributed learning algorithms and SGD variants have been proposed for training DNNs. The
communication patterns followed by these algorithms may either be optimal for a cluster of nodes arranged in a
centralized or decentralized topology. We describe some significant distributed DL algorithms in this section.

a) Bulk-Synchronous Parallel (BSP):
In bulk-synchronous data-parallel training, multiple workers collaboratively train a model such that each worker

processes a unique partition of training data. Once each worker computes gradients over a data partition with its
local model replica, the updates are aggregated together before applying SGD update to adjust model parameters
in the direction of minima. The updates from various workers are synchronized between consecutive iterations. A
model with weights wt training on N workers processes a mini-batch x(n,t) of size b from dataset Bn on worker
n in order to optimize loss function L as per Equation (3).

wt+1 = wt − η
1

N

N∑
n=1

1

|b|
∑

x(n,t)∈Bn

∂

∂wt
L(x(n,t), wt) (3)

Parameters at iteration (t+1) are computed from those at t and updated in a direction opposite to the gradients,
scaled by learning rate η. The first summation implies how the gradients are accumulated from N workers and
then averaged together. We generally consider weak-scaling in synchronous training; the per-worker batch-size is
fixed and more workers can be added to the cluster to process proportionally more samples per-training iteration
(i.e., higher mini-batch size). This results in fewer iterations to complete a single pass or epoch over training data;
training a model for ‘E’ epochs over dataset-size ‘D’ with batch-size ‘B’ results in training steps T =

(
ED
B

)
.

Accumulating updates for large models incurs high communication cost in BSP training. Since the synchronization
step is blocking, BSP training typically suffers from straggler slowdowns [274], [276], especially in heterogeneous
clusters. For non-convex problems like DNN training, BSP has a convergence rate of O(1/

√
NT ) for N concurrent

workers training to T iterations.
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TABLE I: Latency-bandwidth cost of common collectives in distributed training

Operation Latency Complexity Bandwidth Complexity Total communication cost
Parameter Server (Star topology) O(1) O(MN) 2α+ 2(N − 1)Mβ

Ring-Allreduce O(N) O(M) 2α(N − 1) + 2
(N − 1)

N
Mβ

Tree-Allreduce (pipelined) O(log(N)) O(M) 2α log(N) + 2Mβ

Recursive Having and Doubling O(log(N)) O(M) 2α log(N) + 2
(N − 1)

N
Mβ

Rabenseifner-Allreduce O(log(N)) O(M) 2α log(N) + 2
(N − 1)

N
Mβ

Reduce-Broadcast O(N) O(M log(N)) 2α log(N) + 2 log(N)Mβ

BSP training may be centralized or decentralized depending on the chosen communication pattern. Centralized
synchronous training is achieved via parameter servers [168], [146] that collect gradients from all workers, average
them, apply SGD update and finally redistribute updated model parameter back to the workers to resume next
iteration. In terms of the α-β communication model, the communication cost of parameter server training is
2α+ 2Mβ(N− 1), where α is the latency, β is inverse of network bandwidth and M is the model size.

In decentralized BSP, there is no central point of aggregation and the workers aggregate their gradient updates
using collective communication or point-to-point primitives [17], [31], [6]. AllReduce is the primary communication
operation used for gradient reduction, with specific implementations like Ring-Allreduce, Tree-Allreduce and
Recursive Doubling [51], [281], [211], [106], [269].

In Ring-Allreduce, a tensor is divided evenly among the workers and each worker communicates its chunk to
the right neighbor while receiving the chunk from its left neighbor. For a model of size M , each worker thus
communicates M/N elements to the right neighbor (N − 1) times. Once each chunk is reduced on worker, a
worker sends the reduced chunk over, incurring additional overhead of M(N − 1)/N . The total communication
cost for Ring-AllReduce is thus 2(N− 1)α+ 2Mβ(N− 1)/N. Ring-Allreduce is bandwidth-optimal compared
to general allreduce where all data is sent across all workers, incurring cost 2(N− 1)α+ 2Mβ(N− 1).

Tree-Allreduce with pipelining is based on double binary trees [238] that combine full bandwidth for broadcast
and reduce operations. Double binary trees rely on the fact that half or less ranks in a binary tree are nodes while half
or more ranks are leaves. Data is sent across the tree hierarchy in pairs of two across multiple rounds, log(N) to be
exact, thus offering logarithmic latency. The α-β communication cost of tree-based allreduce is 2α log(N) + 2Mβ.

In Recursive Doubling [269], communication is carried out multiple steps. In the first step, workers immediately
next to each other in the topology exchange their data. In the next step, workers exchange data with even further
nodes such that all processes communicate all of their data in log(N) steps. Each rank thus communicates M/N data
in the first step, 2M/N data in the second step and 2log(N)−1M/N data in the last step. The total communication
cost of allreduce in recursive doubling is α log(N) +Mβ log(N).

Table (I) describes the latency and bandwidth complexities of different versions of allreduce, such as ring,
tree, reduce-broadcast, recursive halving and doubling and rabenseifner. Communication cost of the last two are
identical as they’re the same; rabenseifner allreduce involves two steps: reduce-scatter via recursive halving, and
allgather via recursive doubling. In-depth details of different aggregation collectives can be found in [216], [269].
With faster generations of PCI-e (peripheral component interconnect express) lanes and development of high-speed
interconnects like NVLinks, allreduce-based decentralized training has become extremely popular over the years.
Further algorithmic optimizations in low-latency and bandwidth-optimal allreduce have furthed helped its cause.
DL Benchmarks like DawnBench [87] reported that majority of the submissions used allreduce for distributed
synchronous training.

b) Asynchronous Parallel (ASP):
In asynchronous parallel training [169], devices train independently in a non-blocking manner, i.e., there is no

synchronization barrier. Systems like Hogwild! [205] inspired asynchronous training by implementing distributed
SGD in a lock-free manner on shared memory systems. In ASP, workers push/pull their gradient updates to/from
the parameter server asynchronously, akin to Downpour SGD [91]. The difference is that the global model state
is preserved on the PS in ASP training, which applies SGD update based on the gradients received from a single
worker. Since only one worker updates the global model at the PS at a given iteration, the SGD update on the PS
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with ASP is performed as shown by Equation (4).

wt+1 = wt − η
1

|b|
∑

x(n,t)∈Bn

∂

∂wt
L(x(n,t), wn,(t−τn,t)) ∀ n ∈ [ 1, 2, 3, ...N ] (4)

Here, N workers train asynchronously such that worker n computes gradients on mini-batch sample x(n,t) with
stale parameters wn,(t−τn,t) such that weight on worker n is delayed from the current iteration t by a factor of τn,t.
The gradients thus computed can be inexact if τ is large as the parameters used during backpropagation will be
stale in that case.

Convergence in ASP training suffers on account of staleness where slower workers still train with parameters
several iterations behind the latest model state and thus, produce stale updates [276]. Due to this, model progress is
thrown back as the PS receives stale gradients from the slower workers applies it to update model parameters that are
then dispersed to other workers in the cluster during the “pull” operation. In a homogeneous cluster setting where
stragglers are not an issue, centralized ASP training has a convergence rate of O(1/

√
NT ). In decentralized ASP

[182], [180], worker updates are aggregated via symmetric peer-to-peer communication such that each active worker
sends its updates to a passive worker and waits for the passive worker to send back its parameters. Decentralized
ASP has a theoretical convergence rate of O(1/

√
T ).

Other asynchronous training techniques like [121] implement sparsified upward communication from worker
to PS for further efficiency. Sparse communication is performed randomly via uniformly sampling local updates
corresponding to a worker. This approach converged linearly in strongly convex optimization and was also applicable
to automatic dimensionality reduction. [197] correlates asynchronicity to adding momentum implicitly in distributed
SGD. They observed that in settings with both implicit and explicit momentum in SGD, negative values of explicit
momentum are optimal for training.

The communication cost of ASP is significantly lower than BSP training. However, this comes at the cost of model
inconsistency across the workers due to the asynchronous nature of ASP and difficulty to achieve convergence,
especially in heterogeneous clusters. By design, ASP performs less work per-iteration than BSP since the former
trains on a mini-batch of size b while the latter trains with a global batch-size of Nb combined over all the
participating workers. If staleness is considerable, ASP may achieve lower convergence than BSP or may require
many more iterations to attain the same convergence target.

c) Stale-Synchronous Parallel (SSP):

wn,t+1 = w0 − η

t−s∑
i=1

N∑
j=1

1

|b|
∑

x(j ,i)∈Bn

∂

∂wj,i
L(x(j,i), wj,i)− η

t∑
i=t−s

1

|b|
∑

x(n,i)∈Bn

∂

∂wn,i
L(x(n,i), wn,i)

−η
∑

(j,i)∈Sn,t+1

1

|b|
∑

x(j,i)∈Bn

∂

∂wj,i
L(x(n,i), wj,i)

(5)

SSP training is an intermediate approach between synchronous and asynchronous training strategies. Workers
are allowed to train asynchronously in stale-synchronous training, but only to a certain extent [132]. This approach
performs especially well in heterogeneous clusters which inherently suffer from straggler slowdowns. Here, faster
workers can make more progress than slower workers, but bounded after a certain point and denoted as the staleness
threshold. This threshold measures how much stale parameters can send update the global model state on the
parameter server. Once the staleness threshold is crossed, faster workers halt training until the slower workers catch
up. Due to bounded asynchronicity, the communication cost of SSP lies in-between ASP and BSP. Equation (5)
elaborates the SGD update for stale-synchronous training for bounded staleness s [132], [265] on a worker n.

When the fast and slow workers are ≤ s iterations, all workers will see model updates in the range [1, t − s]
(the first summation in Equation (5). Additionally, there is an adaptive subset of model updates between iterations
[t− s, t]. The per-worker computed gradients are noisy due to staleness in each worker’s model state. Sn,t+1 is a
subset of updates other workers during the iteration phase [t− s].

SSP enjoys a theoretical convergence rate of O(
√

2(s+ 1)N/T ) for N workers training with a staleness threshold
s for T iterations [132], [154]. If s = 0, SSP is equivalent to BSP training [86], and tantamount to local training
as s→∞.
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Various other optimizations have been proposed on top of SSP. [123] uses value staleness to analyze the difference
in model parameters and proposes value-staleness-aware SGD that uses the staleness parameter to train with dynamic
learning rates on a per-iteration basis. The authors report training speedup of 1.26× and 75% error reduction
compared to baseline SSP. Dynamic SSP or DSSP [323] is an extension of SSP on the parameter server framework
that dynamically assesses the staleness threshold at runtime. A new threshold is chosen at every iteration based
on a worker’s latest batch processing time so as to reduce the waiting time on faster workers for synchronizing
latest model updates. This increases the training throughput which speeds up the model convergence rate. Free
SSP or FSSP [246] further optimizes SSP for homogeneous clusters where the performance of workers varies
due to resource competition from concurrent jobs and high communication cost. FSSP alleviates the performance
degradation due to slower nodes that bring down the overall training throughput. It counts the slow times or the
number of times a slow worker made faster workers pause in SSP and classifies it as a straggler once it reaches
penalty times. Upon identification of a straggler, the worker will be excluded from the training group and FSSP
will copy its job to an available faster worker. This approach converged up to 12× faster than SSP and used 4×
fewer iterations to converge than ASP.

d) Local-SGD:
In Local-SGD, workers train locally on data partitioned in an IID manner for certain time periods, followed by

model synchronization among workers at particular intervals [262], [118]. This can be implemented in a centralized
topology with PS, or in a decentralized setting calling allreduce for model aggregation.

wn,t+1 =


wn,t − η 1

|b|
∑

x(n,t)∈Bn

∂
∂wt
L(x(n,t), wn,t) if t % Ts > 0

wn,t − η 1
N

∑N
n=1

1
|b|

∑
x(n,t)∈Bn

∂
∂wt
L(x(n,t), wt) if t % Ts = 0

(6)

In Equation (6), each worker n trains on its local data Bn with local parameters wn,t for a specified number of
iterations. After every Ts iterations, the updates from all workers are combined. The equation describes local-SGD
for a decentralized setting where every worker may hold a different model state wn,t+1 after gradient aggregation.
When implemented with PS, the gradient updates are sent to a central server that updates the model that is consistent
across all workers after pulling those updates from the PS. The weights at iteration (t+1) thus become wt+1 instead
of wn,t+1.

When training with local-SGD for T iterations with N workers and using a synchronization threshold Ts, the
convergence rate for DNN training approaches O(1/

√
NT ) as Ts → 0 and O(1/

√
T ) as Ts →∞. This is because

local-SGD generalizes to BSP as Ts gets smaller, while its equivalent to asynchronous training as Ts gets larger.
An extreme case of local-SGD called One-shot SGD trains models independently among various workers and

simply averages all the local models at the end [329], akin to ensemble learning. In prior art, mini-batch SGD
has been compared extensively to local-SGD [299] with the conclusion that the former is superior to the latter
in heterogeneous settings. However, various adaptive versions of local-SGD have been proposed with better peak
theoretical convergence. Adacomm [292] studied how convergence varies with the frequency of model averaging
and developed an adaptive communication policy that begins with infrequent aggregation to minimize communi-
cation cost and gradually increases synchronization frequency to achieve models with lower error/higher accuracy.
Adacomm reduces training time by up to 3× over BSP to achieve the same training loss. Local-SGD has also
been studied as an alternative to large-batch training [186]. Although training with large-batches is more efficient
as a model trains on more data on each iteration and also reduce the communication cost compared to small-batch
training, it degrades the generalization performance (i.e., on unseen test data) of a DL model [152], [193], [119].
We explain this in greater detail in §3-C.

[186] proposed post-local SGD to improves generalization performance of large-batch training. In this approach,
we first train with mini-batch SGD for certain iterations in the first phase, followed by local-SGD afterwards.
During the mini-batch SGD phase, post-local SGD uses small local mini-batches and switches to larger mini-
batches in the second phase (i.e., local-SGD). Such a strategy achieved better generalization than simply training
with larger batches. Local updates with periodic averaging or LUPA-SGD [124] extended local-SGD to a theoretical
convergence rate O(1/NT ) for non-convex DNNs assuming the loss function satisfies Polyak-Łojasiewicz inequality
and proposed an adaptive synchronization strategy for linear speedup.
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Variance-reduced Local SGD (VRL-SGD) [184] applies to local training on heterogeneous or non-IID data
settings. This approach improves the convergence rate on heterogeneous data by reducing the gradient variance
among workers. VRL-SGD compares the deviation between the locally-computed gradients and the globally-
averaged gradients. It then computes the stochastic approximation gradient which is computed by subtracting the
deviation metric from the local gradients and apply that as part of the SGD update on each worker.

e) Gossip-based SGD:

wn,t+1 = wn,t −
η

1 + |F(m)|
· { 1

|b|
∑

x(n,t)∈Bn

∂

∂wn,t

L(x(n,t), wn,t) + F(m) · 1
|b|

∑
x(m,t)∈Bm

∂

∂wm,t
L(x(m,t), wm,t) }

such that F(m) = p · U(1, N)(m) + (1− p) · 0 and U(1, N)(m) =

{
1/(N − 1) for 1 ≤ m ≤ N

0 otherwise
(7)

Gossip-based SGD (GoSGD) involves random walks across a network of nodes such that each worker exchanges
its updates with only a subset of other workers in the cluster [110], [69], [265], [154]. In one-to-one GoSGD [69],
each worker may decide to communicate its updates with probability p by choosing another worker from a uniform
distribution, or train and update its model parameters locally.

While aggregating updates, communication happens via point-to-point primitives (e.g., send, recv, isend, irecv)
instead of allreduce collective. Equation (7) describes a cluster of N workers where updates from worker n and
m are aggregated depending on F(m) that chooses m with likelihood p from the probability density function U
in the interval worker ranks in the cluster, [1, N ]. When a worker is chosen, we average the updates for the two
workers and thus, |F(m)| = 1. When no worker is chosen for synchronizing updates, both F(m) and |F(m)| = 0.

The convergence quality of GoSGD is determined by the communication probability, achieving a rate ofO(1/
√
2T )

when p→ 1 and training to T iterations. This is a generalization of BSP training with updates aggregated among 2
workers. When p→ 0, GoSGD has a convergence rate of O(1/

√
T ) and is equivalent to local training. Additonally,

GoSGD suffers from model inconsistency across workers due to the stochastic nature of worker selection for gradient
reduction.

Gossip SGD with periodic global averaging or Gossip-PGA [83] which has a convergence rate of O(1/
√
NT )

when T is sufficiently large. In this algorithm, each worker collects updates from its neighbors during gossip-step,
followed by global aggregation between all workers using allreduce primitives in the global-average step g. A small
g incurs expensive communication among workers, while a large g reduces synchronization overhead by leaning
more towards gossip-based SGD. When g → 1, Gossip-PGA generalizes to BSP training and same as GoSGD
as g → ∞. A variant of Gossip-PGA called Gossip-AGA takes inspiration from [292] and uses adaptive global
averaging periods to offer the same convergence guarantees. In Gossip-AGA, the global averaging period g is small
during the early part of training until the variance among workers reduces substantially. Thus, synchronization cost
is high initially since g is small. As iterations progress, variance gets smaller and g is gradually increased leading
to communication savings with gossip-based training.

f) Elastic-Averaging SGD:
Elastic-Averaging or EA-SGD [317], [147] is a flavor of parameter server training that performs periodic

communication between the PS and the workers. It has both synchronous and asynchronous variants. The intuition
is that workers training locally for longer allows for more exploration of the workers into the local minima over the
non-convex loss surface. The communication period Ts influences the communication cost and convergence of EA-
SGD; Ts → 1 implies PS-based BSP training. This is comparable to local-SGD, but applied to both asynchronous-
synchronous PS setting where the deviation in model weights is compared between the local workers and the central
server that holds the global model state. In other words, EA-SGD seeks to maximize the consensus between the local
and central parameters. Thus, instead of minimizing just the loss L(·), EA-SGD aims to minimize Equation (8a).

minw(1,t),w(2,t)...w(N,t)

N∑
i=1

1

|b|
∑

x(i,t)∈Bi

E[ L(x(i,t), wi,t) ] +
ρ

2
||wi,t − w∗,t||2 if t % Ts > 0 (8a)
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wn,t+1 = wn,t − η { 1
|b|

∑
x(n,t)∈Bn

∂

∂wn,t
L(x(n,t), wn,t) + ρ · (wn,t − w∗,t) } if t % Ts = 0 (8b)

w∗,t+1 = w∗,t + η

N∑
i=1

ρ(wi,t − w∗,t) (8c)

The penalty term ρ ensures that local workers do not fall into a minima that is too far from the global model state
on the PS and thus lead to model inconsistency. Local and global updates (Equation (8b) and (8c) respectively) in
EA-SGD are applied with the deviation between local and global updates, scaled by the penalty term ρ. During
aggregation step after every Ts iterations, global model at the PS is updated by accumulating the deviation of all
workers from the central parameters. The symmetric term ηρ(wi,t−w∗,t) has the effect of an elastic force between
the update of wn,t and w∗,t, and has a critical impact on the stability of the EA algorithm. With momentum EA-SGD
(EAM-SGD), elastic averaging adds momentum to its SGD update mechanism.

B. Identifying and Optimizing Compute Cost

From a traditional HPC perspective, the overall computational throughput can be increased either by scaling-up
or scaling-out, i.e., vertical or horizontal scaling respectively. In the latter, multiple devices or nodes collaboratively
perform the training of a neural network. Data-parallel, model-parallel and tensor-parallel DL techniques fall under
this category. In vertical scaling, computational performance is improved over a single training node, either by
performing more work per-step or iteration, or by achieving a given task/operation with fewer instructions/cycles.
Pipeline parallelism described in §2-B improves device utilization and thus, aligns itself as a vertical scaling
technique. Additionally, development of specialized ML accelerators and ASICs, faster MMUs [206] and optimized
kernel libraries [12], [288] improve the compute cost of forward and backpropagation, either by lowering the
execution time or improving efficiency (i.e., lower power consumption).

Despite these developments, distributed training is not merely limited by communication and data-movement.
‘Compute heterogeneity’ is pervasive across cloud and shared clusters such that nodes or training devices may
inherently vary in terms of their computational capability. Such heterogeneity also applies to training across different
GPU architectures, mixed CPU-GPU training or in shared clusters where a subset of nodes are running concurrent
jobs. It is even more apparent under federated settings, described in §5 in more detail. Under communication-heavy,
synchronous training, compute heterogeneity suffers from stragglers where slower or inferior resources take longer
time to process, causing faster resources to idle and wait until calculations are complete over the entire cluster
[108], [274]. On the other hand, resource heterogeneity results in staleness with asynchronous training algorithms
[205].

To ameliorate straggler slowdown, Anytime mini-batch [108] allocates a time-budget across a cluster, i.e., imposes
a fixed time for each device to compute its updates. Nodes unable to compute their updates across the entire mini-
batch provide partial updates, thus resulting in variable batch-size per-node. OmniLearn [274], [276] allocates
batch-size to each node based on its compute capacity. Batches across nodes are balanced among each other based
on PID controller (proportional-integral-derivative) [57]. It also performs weighted aggregation where updates from
nodes with larger batches is given more significance than small-batch updates. Similarly for asynchronous training,
OmniLearn extends its PID control mechanism to allocate worker batches that mitigates staleness issues across
the whole centralized cluster. To preserve statistical performance, it also performs learning-rate scaling where local
updates’ step-size is scaled proportional to its training batch-size. Other techniques like speculative execution can
replicate the tasks on slower nodes onto faster machines and attenuate stragglers. However, the replacement node
might not be able to eliminate stragglers altogether if there is a high degree of variance in resources across nodes.
Asynchronous staleness SGD [318] scales the learning-rate with respect to gradient staleness in asynchronous
training and shows good convergence on image classification benchmarks. Delayed aggregation methods [305]
reduce the impact of stragglers or staleness by collecting updates from training nodes at later stages instead of
immediately collecting updates.

C. Data Movement and I/O

It is broadly known that data movement and I/O overhead is a performance killer in HPC and distributed
computing [261], and tends to be energy-intensive as well [93]. These costs can arise due to overheads of limited
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latency and bandwidth in distributed training across multi-core and multi-node systems. In the latter, communication
intensity rises as we scale from data-parallel → model-parallel → tensor-parallel [257]. Data movement costs also
stem from memory hierarchy, where the memory closest and fastest to the processor is often the smallest (both in
CPU and GPU) [13]. Locality and data access patterns also affect the scaling of the training procedure.

Techniques to attenuate data movement or communication costs associated with different parallelization strategies
are explained in §4. Remote Direct Memory Access (RDMA) enabled MPI and GPUDirect technologies [122],
[113], [290], [167] further mitigates data movement cost in distributed training.

Another popular approach to minimize movement and I/O cost in distributed DL is training with a larger batch-
size. For training dataset of size D, the number of iterations to complete an entire pass of the data (i.e., one epoch)
with batch-size B is (DB ). Training a model to E epochs would thus require (ED

B ) iterations. From this relation, it
is apparent that a large batch-size would need fewer iterations to complete the same number of total epochs, leading
to fewer parameter updates for the same amount of training. While it may raise the computational overhead on
account of more samples to process, this approach reduces the repetitive sampling, batching and loading of training
data that would be more frequent when using smaller batches. Larger-batches lead to better utilization of resources
and improves the overall computational throughput. Additionally, large batch-size produces less noisy gradients
which are closer to the true gradients (had we performed full gradient descent over the entire training dataset at
every iteration). However, large-batch training also results in considerable generalization loss [135], [117] over its
small-batch counterparts. The observation is that large-batches tend to converge to sharp minima, while small-batch
training generally converges to a flatter minima [307], [152]. The memory usage also rises with a greater batch-
size due to larger activation memory footprint over backpropagation [276]. To attenuate the generalization gap in
large-batch training, prior works scale the learning-rate proportional to the batch-size; if the batch-size is raised by
a certain factor, the learning-rate is increased proportionally to preserve the quality of SGD update [119]. [256]
observed the optimal batch-size that resulted in best convergence to be proportional to the learning-rate and size
of the training dataset. Post-local SGD [186] improved large-batch performance by synchronizing model updates
initially, followed by local-SGD in later stages. Other approaches add noise into gradient updates to enhance model
generalization at large-batches [297]. [185] extrapolated a smooth optimization trajectory to avoid sharp minima,
such that gradients are computed over an extrapolated point which is different from the current model state. LARS
and TVLARS perform layer-wise adaptive learning-rate scaling based on gradient magnitude relative to its weights
[309], [308], [142]. Although these techniques improve convergence over vanilla large-batch training, they do not
necessarily achieve the same model quality as small-batch training. Additionally, these large-batch methods have
not yet been verified over recent LLMs.

4. OPTIMIZING DATA AND COMMUNICATION COST

Over the years, size and complexity of DNNs has increased exponentially, especially in recent years with the
development of large language models. A 10 Billion parameter model, a modest size by today’s standards would
measure 40 GB when storing parameters as 32-bit single precision floats, or 20 GB under half-precision. Training
such massive models presents unique challenges, further exacerbated in distributed training scenarios which is
necessary as large models expect even larger datasets to be viable.

In an ideal world, if throughput of a machine training a DNN is T1, then using N such machines collaboratively
should increase the overall throughput to NT1. In real-world settings, the combined throughput of using N machines
together TN < NT1. The deviation between the two is measure by metrics like relative throughput or scaling
efficiency (ηscaling) which is measured as TN/NT1. A ηscaling of 1.0 implies the ideal setting where throughput
increases linearly with the number of nodes. Expensive communication costs in synchronous distributed training
is the scaling bottleneck and prevents linear scaling of DL applications. Communication overheads are generally
higher due to large model size to be aggregated, high-latency or low-bandwidth networks. As a consequence
of Amdahl’s law [30] for strong scaling, program speedup is limited by the serial portion that cannot be split
across multiple processors [275]. With respect to distributed DL and ηscaling, communication is that serial part that
cannot be parallelized. For clarity, the parallelizable part of training is processing computing loss and gradients on
different mini-batches independently across different workers. At the same time, we usually refer to weak scaling
when distributing a task across multiple nodes. In weak scaling, the global mini-batch size is increased as more
workers are added; scaling training from 1 to N workers increases mini-batch size from b to Nb. Thus, even by
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Gustafson’s law [30], scaling is still limited by the serial portion of synchronous training, i.e., gradient/parameter
communication.

Communication is thus the major bottleneck in distributed training [277], [320]. High-bandwidth networks
may not necessarily ameliorate this slowdown as low utilization at high bandwidth might be CPU bound [320].
This is because Transmission Control Protocol (TCP) can be CPU-intensive, especially at high speeds [190].
[320] concluded its the poor implementation of network transport cannot fully utilize the available bandwidth for
distributed training.

To improve the scaling efficiency and minimize communication overhead, various approaches have been proposed,
including efficient communication scheduling, gradient compression and in-network aggregation on smart NiCs
(network interface cards). We give a detailed explanation of these approaches in subsequent sections.

A. Communication Scheduling

Although multiple instances of worker can be launched in parallel under data-parallel training, the inner working
of a DNN itself is challenging to parallelize because of the sequential, bidirectional flow of execution on a model’s
computational graph. Consider the case of a simplistic multi-layer perceptron (MLP) with many hidden layers. In
the forward pass, computations are performed from the input to output layer to predict the output and evaluate loss,
while information flows from the output to input layer in the backward pass.

Since graph execution of a DNN as well as the communication step in synchronous training is sequential by
default, it is necessary to have efficient communication scheduling mechanisms that overlap computation with
communication:

• Wait-free Backpropagation (WFBP) [316] aims to reduce synchronization overhead by overlapping computation
and communication based on the structure and density of a model’s computational graph. In DNNs, a major
chunk of overall computation is performed in the initial and middle layers that contain fewer parameters,
compared to end layers that contain most of the total parameters but only responsible for a fraction of end-
to-end computation time. For example., models like VGG and AlexNet contain convolutional layers in the
initial and middle layers, and fully-connected layers near the output end. Fully-connected layers account for
> 90% of the total parameters of the model while performing considerably less operations. On the other hand,
fewer parameters of convolutional layers account for about 90% of the total computation time. In WFBP,
this property is exploited by eliminating the wait period on the completion of the entire backpropagation
operation. Instead, updates for the outer layers are sent out while still computing gradients for the inner/initial
layers, thus overlapping computation with communication. And so, communication-heavy dense, outer layers
are transmitted while computation-heavy inner layers are still processing gradients.
Merged gradient WFBP (MGWFBP) [248] further optimizes WFBP by combining layers with fewer parameters
to transmit into one. The key insight is that merging multiple short communication tasks into a single one
reduces overall communication time. Thus, layers with fewer parameters like convolutional and recurrent layers
batch their parameter updates together instead of transmitting it on a per-layer basis. Compared to WFBP and
synchronous SGD, MGWFBP is about 1.75× and 1.45× faster on a 64 node cluster.

• TicTac [129] optimizes computation-communication overlap in order to reduce the variance in iteration times
for parameter server-based synchronous training. During downward communication from the parameter server
when workers receive model state at the beginning of an iteration, they are not consumed simultaneously.
Instead, parameters are consumed based on the dependency of the model’s computational graph. Thus, training
may accelerate or slowdown given a particular schedule of parameter transfer. TicTac estimates the ideal
schedule of parameter transmission so as to minimize the slowdown on account of dependency between pa-
rameters (i.e. dependency in the graph). The metrics used to solve this NP-hard (non-deterministic polynomial)
optimization problem are the partitioned graph (i.e., computational graph with a computation or communication
tag associated with each op) and a timing oracle the predicts the completion time of any given op. The time
oracle is implemented by tracing each op using the TensorFlow profiler. To limit the possible schedules to a
valid set of orders, a priority number is assigned to each op in the partitioned graph. For a given schedule, upper
and lower bounds on makespan (end-to-end job completion time) using the a oracle, such that worst makespan



20

is computed assuming sequential execution of one operation at a time while best makespan assumes all ops are
executed concurrently. In TIC or Time-Independent communication scheduling, high priority on the partitioned
graph are assigned to least blocking ops and the timing aspect (i.e., the time oracle) is not utilized. In TAC
or Timing-Aware communication scheduling, higher priorities are assigned to ops that maximize computation-
communication overlap and minimizes the makespan. For the latter, one needs the execution time of each op
from the time oracle and op dependencies from the computational graph. Thus, TicTac can use either one of
the scheduling mechanisms described here. In its evaluation, TicTac reduces straggler impact by 2.3× while
improving throughput by 19% in training and up to 38% in inference tasks.

• Priority-based Parameter Propagation (P3) [141] uses domain-specific knowledge of a given DNN structure
and overlap computation-communication in order to minimize training iteration time. In the backward pass of
current iteration t, gradients are computed from output to the input layer. When data is consumed for forward
pass at iteration (t+1), data moves from input to final layer. Thus, there is considerable time gap between the
outer layers of a DNN which should be considered when scheduling communication. Additionally, the layer-
wise granularity offered by most DL training frameworks like TensorFlow and PyTorch is not necessarily
optimal for parameter synchronization. P3 optimizes these issues with parameter slicing and priority-based
updates. A layer is further split into smaller slices and transmitted independently in parameter slicing, and
these slices are communicated based on their priority levels in priority-based updates. The priority of a slice
is assigned based on when its required again in the next iteration (as described earlier with iterations t and
t+ 1). Since P3 splits model layers into smaller slices/buckets, it is agnostic of a model’s size and structure.
It also performs well in low-bandwidth networks by optimally overlapping computation-communication and
utilizing available bandwidth efficiently. Implemented on MXNet, P3 improves overall training throughput of
ResNet-50 [131] and VGG-19 [254] by 25% and 66% over no-overlap synchronous training.

• ByteScheduler [213] is a communication scheduler that optimally partitions and reorders tensor slices/buckets
before parameter synchronization. It has plugins for TensorFlow, PyTorch and MXNet, supports both parameter
server and allreduce communication collectives and uses either one of TCP or RDMA for synchronization.
Communication effects vary depending on model size and complexity, communication mechanism (PS or
allreduce), available network bandwidth, cluster-size, etc. For e.g., in PS strategy smaller tensor slices are more
efficient as pull and pull operations can utilize bi-directional network bandwidth. On the other hand, Allreduce
prefers larger tensor partitions as each slice incurs synchronization overhead across all workers. Sychronization
costs increase as more workers are added in the distributed training cluster as well. ByteScheduler addresses
these challenges by using an auto-tuning algorithm based on Bayesian Optimization, which adaptively optimizes
tensor partitions and credit sizes based on current system and model parameters. Declarative engines like
TensorFlow and MXNet build a dependency graph, while imperative engines like PyTorch execute operations
in a FIFO (First-in, First-out) manner. Regardless of the ML framework, a scheduler should be able to delay
a communication op while keeping the original dependencies in the underlying framework engine. Due to
graph dependency, it should also not schedule a communication op before the engine allows. In order to
do both, ByteScheduler proposes a dependency proxy mechanism and layer-wise out-of-engine dependency.
A proxy is an operation that can be inserted into a framework engine and claim dependencies to and from
other operations. In PyTorch-like imperative engines, this is done via hooks, while declarative engines provide
simple APIs to create such ops and define dependencies. Running ByteScheduler on a 128 GPU cluster with
100 Gbps (gigabits per second) bandwidth outperforms P3 by up to 43%, and speeds up models like AlexNet
[158] and VGG19 [254] by 96% and 60% respectively over vanilla ML frameworks without any optimized
communication scheduling.

• PACE [60] is another communication scheduler that combines domain knowledge of ML execution engines and
default tensor sizes for transmission. Other schedulers assume a layer-wise computation graph while framework
engines (e.g., TensorFlow) assume a directed acyclic graph (DAG) as the execution model. Additionally,
default tensor sizes in DNNs have high variance; some tensors are very small while some are large. Thus,
transmitting one tensor at a time may not be bandwidth-optimal or may cause network saturation, implying
inefficient communication. PACE preemptively schedules and fuses tensors via allreduce collective based on
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the DAG generated by the underlying engine, which maximizes both bandwidth utilization and overlap between
computation-communication. It does so by launching a DNN training job for only a few iterations and collecting
the model DAG, time taken by each op in the DAG and tensor sizes of all tensors using the allreduce op.
It then updates the DAG by combining smaller tensors into a combined allreduce call which generates a
communication schedule of allreduce ops via an optimization solution that minimizes completion time of
the latest computation operators and the DAG’s execution time. With these optimizations, PACE outperforms
Horovod [242] and WFBP [316] by around 30%, and TicTac [129] by achieving 17% more speedup while
training VGG16 [254].

B. Compression in Deep Learning

Compression is employed to reduce the size or volume of a particular target. In the context of deep learning,
compression is generally applied across one of the three modalities: to compress training data, compress the DL
model itself, or compress gradients or model updates in distributed training. Data compression techniques help
reduce the quality or quantity of the data used for DNN training. Model compression decomposes the size of the
DNN itself, either to reduce its computational overhead or its size for faster inference on edge/mobile devices
(i.e., for model serving). In distributed training, gradient compression is used to reduce the volume of updates to
be synchronized among multiple nodes, thereby lowering the overall communication overhead. We describe these
techniques as follows:

1) Data Compression
• ZFP [188] is an error-bound, lossy compression library designed to support high compression ratios on floating-

point and integer arrays, while additionally supporting a lossless compression version. Large batches of data
samples such as images can thus be compressed to a smaller footprint to train models with smaller inputs,
while simultaneously lowering the memory requirements. ZFP supports various backends such as OpenMP,
CUDA [2] and HiP [21].

• SZ [96] is a lossy compression technique which reduces the size of scientific datasets (such as those used for
climate modeling, fluid dynamics, turbulence flow, molecular simulations etc.) at the cost of some degree of
precision. It provides a user-specified error tolerance threshold, so datasets with distinct characteristics can
have varying degree of compression loss.

• SZ2 [183] attains higher compression ratios and improves SZ algorithm using a prediction scheme that evaluate
a data point based on its neighbors and encodes the residual between the actual and predicted values.

• SZ3 [321] improves the compression-decompression overhead of SZ2 using multiple prediction strategies and
error layers for high accuracy across multidimensional and numerical datasets. Its additionally handles different
precisions such as FP32 and FP64.

2) Model Compression
One of the most common and popular techniques for compressing the DNN model size is pruning, which refers

to the technique of removing redundant or less significant model parameters during the course of training itself,
or during the inference stage once the model is trained. The use case for the former is to reduce the model size
during synchronization step, while the latter is done to reduce inference time (i.e., only forward pass) and minimize
memory footprint of a given model [198]. The optimal pruning technique remove weights that are sensitive to
model performance and do not degrade model generalization significantly. Additionally, pruning techniques work
equally well on both untrained and pretrained models. In prior art, dropout [260] acts as a pruning mechanism
in DNNs so as to counter the over-fitting problem in deep learning. In dropout regularization,some neurons are
randomly dropped out during training based on a chosen dropout factor. Although the actual size of the model is
not reduced, some connections are skipped which reduces the amount of computation that needs to be performed
in an iteration.

• Optimal Brain Damage (OBD) [165] removes insignificant weights from a neural network by using second-
derivative information from the Hessian matrix to make trade-offs between a model’s network complexity and
training error. OBD defines the saliency of a parameter as the change in the objective/loss function if the said
parameter was removed. For optimality,the saliency can be predicted analytically by constructing a local model



22

of the loss function as a Taylor series and using second-order information for a specific parameter. In this
technique, we train a model for a certain duration, and compute the Hessian matrix for the second-derivative
as well as the saliencies of each parameter. Low saliency parameters are deleted from the computed saliencies
and the process is repeated iteratively.

• [259] demonstrates how similar neurons in a DNN are redundant by removing one neuron at a time instead
of removing individual weights. The key insight is that when two weight sets are the same, one of them can
effectively be removed. Consider a model with two parameters (w1, w2), input X , and non-linear function h(·),
then z = a1h(w

T
1 X) + a2h(w

T
2 X). If w1 = w2, then z = (a1 + a2)h(w

T
1 X) + 0 · h(wT

2 X). Weight w2 can
be removed since its the same as w1 and already added to the first term. Neurons which are equal (i.e., fire
together) can be wired together with via a surgery step (by changing a1 to a1+a2 in the given example). Equal
weights thus contribute to redundancies in DNNs and can be removed without any considerable degradation
in final model accuracy. This work extends on parameter saliency [165] by computing saliency on all possible
pairs of weight-sets and picking the minimum values and deleting the corresponding neurons. The authors
achieve same performance as baseline AlexNet [158] even after removing 35% of the total model parameters.

• [126] optimizes the computation cost and model size by pruning redundant connections without sacrificing
the final accuracy for model inference. It first trains the network to learn significant weights and connections,
followed by removing the unimportant ones. To hone the updated network, the model is trained again to
fine-tune remaining parameters. Although the training time is not reduced in this case (it increases further!),
models like AlexNet [158] are compressed by 9× while attaining the same accuracy as uncompressed model
on ImageNet dataset [94], while larger models like VGG19 were compressed by a factor of 13×.

• HashedNets [82] is a specialized network architecture that compresses DNNs by using a hashing function that
randomly groups parameters into hash buckets. All parameters within a given hash bucket share a common
value. With more training, the shared parameters are fine-tuned in HashedNets to achieve optimal values.

• Sparsity-informed Adaptive Pruning (SAP) [97] defines PQ Index (PQI) to measure sparsity (i.e., potential
compression) that can be applied to DNNs without sacrificing the accuracy. The key property of PQI is that
first decreases when is model is effectively regularized and increases when the degree of applied compression
reaches the point corresponding to the beginning of underfitting. On the other hand, PQI decreases on applying
too much compression, accompanied with degradation in model generalization. For a given set of compression
hyperparameters, 0 < p < q, PQI is defined as 1−d

1

q
− 1

p ||w||p/||w||q, such that ||w||p is the Lp-norm of weights
wp. Beginning with a mask of ones on the model parameters, a DNN is trained for a certain duration. Based
on the computed PQI, the lower bound on the number of retained parameters and total pruned parameters are
computed. A new mask is then generated based on removing the least magnitude weights corresponding to
the total pruned parameters to remove. This process is repeated and model parameters are thus trimmed off
over the iterations.

3) Gradient Compression
Orthogonal to building better and more efficient communication scheduling mechanisms, compression has been

a promising avenue to reduce the communication cost of distributed synchronous training [304], [265]. In addition
to training, compression is also critical for deployment of large DNNs for inference tasks on memory-constrained
edge/mobile devices. DL models initially used single-precision or 32-bit floating point representation for both model
weights and gradients. For e.g., ResNet152 [131] translates to 60 megabytes of floats, VGG19 [254] occupies 144
MB while a vision transformer [99] takes 330 MB of space. In the recent LLM era, mixed-precision and 8-bit float
have become the training norm [104].

Large language models like GPT-3.5 [38] would consume about 652 GB of memory space just to hold the model
parameters (in single-precision or FP32 representation). Storing intermediate data and activations, as well batches
of training data that need to be loaded into memory requires additional space. Thus, communicating model updates
at every iteration can be very expensive, be it training large language models in high-speed data-centers and cloud
settings, or training models like ResNet and VGG across mobile devices in a federated setting with geographically
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distributed nodes and networks with limited bandwidth. Limited memory on specialized ML accelerators like GPUs
and TPUs is another reason why it is critical to develop optimal compression mechanisms. To facilitate research
and development in optimal compression-based deep learning, generic frameworks like GRACE [303] have also
been developed that come with different compression mechanisms right out of the box and support multiple DL
engines like TensorFlow and PyTorch.

Depending on the compression technique and the degree of compression desired, a compression technique may
have a certain overhead that makes it viable or impractical for DL-based compression [51]. In typical synchronous
training, iteration time titer = tcompute+ tsync, where tcompute is time taken to compute loss and gradients and tsync
is the synchronization time to exchange parameter updates of the entire model. With compression, the total iteration
time titer = tcompute+tcompress+t

(z)
sync, where tcompress is the compression overhead and t

(z)
sync is the communication

time for gradients compressed to a degree of z. A common technique used to achieve high compression with a
variety of compression methods is via residual gradient accumulation or error-feedback mechanism [52], [151],
[327]. In error-feedback, gradients on worker n target a Compression Factor (CF) of z via operator C(·) at iteration

t where gradients gn,t =
∂L

∂wn,t
(x(n,t), wn,t) + rn,t−1 are compressed to cn,t = C(gn,t, z). The residual gradients

are the gradients that are not eligible for compression (as determined by C(·)), and can be computed for the
next iteration by the symmetric difference between the original and compressed gradients in the current iteration:
rn,t = gn,t − cn,t. Notice how the gradients gn,t at iteration t are appended with residual gradients rn,t−1 from
iteration (t−1). By doing so, the progress made by workers that does not make it in compression is not discarded,
but accumulated over the iterations. Once the accumulated gradients corresponding to a parameter are significant
enough to meet the compression criteria, they are communicated and the associated residual gradient entry becomes
zero. It is important to note that the size of residual gradients is the same as the original gradient size. Once the
compressed gradients are transmitted, parameters are tweaked as per SGD update: wn,t+1 = wt− η 1

N

∑N
i=1 c(n, t).

Gradient compression techniques can be broadly classified in the context of deep learning as follows: sparsifi-
cation, quantization or low-rank approximations.

a) Sparsification:
Compression methods based on sparsification select a subset of values from the original tensor and setting the

remainder to zero [263], [55]. In the context of deep of distributed deep learning, the gradients computed by each
worker can be sparsified by selecting a fraction of the values and assuming the remaining to be zero based on some
rule or heuristic. Gradients can be compressed by an operator C(·) that selects p% of the total values in the tensor;
gradients are then said to be sparsified to a compression ratio (CR) of p% or a CF of 1

p%. For e.g., setting p to
10% means a CR of 0.1 or a CF of 10×. Based on the degree of applied sparsification, sparse tensor thus have a
considerably smaller size than the original gradients. Gradient sparsification may be static or dynamic; the tensor
size remains fixed in the former while the latter falls under the category of adaptive gradient methods as the degree
of sparsification varies through the course of training. Another important consideration with gradient sparsification
is that in addition to the gradient values, individual indices corresponding to the values in those tensors needs to
be transmitted as well. If the tensors to be transmitted contain M cumulative gradient,compressing to p% returns
Mp
100 values. When synchronizing updates in distributed training, Mp

100 values have to be transmitted in conjunction
with Mp

100 indices; thus 2Mp
100 data points are communicated in total. Since the indices of the values chosen in the

compressed gradient vary across workers, using bandwidth-optimal algorithms like ring-allreduce is not possible
in gradient sparsification [51]. In centralized systems like parameter servers, the indices and values have to be
two separate push calls from each worker to the PS, while decentralized systems using MPI-based collectives use
all-gather to synchronize their updates.

• Top-k compression [52], [55], [263], [249], [247] is a sparsification method that select the top k% most
significant values from the gradient tensors, and setting the remainder to zero. The significance of a parameter’s
gradient is measured by considering only the magnitude and ignoring the sign associated with the gradient.
The top k% values can be computed using a max heap and sorting the top k% values out of M gradients in
O(M +k · logk) time, although other efficient implementations exist as well. Communication overhead is thus
considerably reduced by having to transmit sparse instead of dense updates. As with any sparsification method,
the values and indices from each worker have to be transmitted separately. [52] used top-k compression with
error-feedback to sparsify 99% of the gradient updates while training on the MNIST dataset [164] and achieved
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49% speedup. [263] and [55] provides theoretical convergence guarantees fork-based sparsification techniques
(like top-k and random-k) and show how this sparsification-based compression technique achieves the same
convergence rate as vanilla SGD when equipped with the error-feedback mechanism.

• Gaussian-k [247] studies the distribution of gradients to propose an approximation of the Top-k compression
algorithm. Compared to the computational overhead of Top-k that uses sorting to find optimal gradients,
Gaussian-k is more efficient on both CPUs and GPUs. Thus, the latter has a better scaling efficiency than
naive Top-k compression. The mean and standard deviation is computed at each iteration for gradients with a
near-Gaussian distribution, which is used to estimate the threshold with a quantile or percent point function
(ppf). Since the gradients have a near-normal and not an exact normal distribution, the estimated threshold
could be skewed. Thus, threshold is moved up and below a certain degree of the estimated value to attain
accurate top-k values.

• Deep Gradient Compression (DGC) [187] interprets residual gradient accumulation as increasing the batch
size such that it increases by a factor corresponding to the update interval when a particular gradient value
becomes eligible for communication. DGC further optimizes sparsification for momentum SGD (Equation (9a))
by accumulating the residual velocity instead of the actual gradients and applying compression with operator
C(·), shown by Equation (9b).

wt+1 = wt − η
1

N

N∑
i=1

ui,t where velocity un,t = m · un,t−1 + gn,t and gn,t =
1

|b|
∑

x(n,t)∈Bn

∂

∂wn,t
L(x(n,t), wn,t)

(9a)

un,t = m · un,t−1 + gn,t with residual velocity vn,t = vn,t−1 + un,t and wt+1 = wt − η
1

N

N∑
i=1

C(vi,t) (9b)

As gradients are accumulated over the iterations, training could possibly encounter the exploding gradient
problem [63]. To counter this issue, DGC applies local gradient clipping to the computed gradients before
they are accumulated with the residual gradients. Due to delayed update of low-value gradients due to their
gradual accumulation, staleness may creep in over the course of training. To mitigate staleness effects, DGC
incorporates momentum factor masking and warm-up training. As described in §3-A0b, staleness stems from
asynchronicity which in turn can be attributed to implicit momentum [197]. DGC applies the same momentum
mask to accumulated/residual gradients vn,t and momentum factor un,t, which inhibits momentum for delayed
gradients, minimizing the effects of staleness. In warm-up training, instead of directly compressing gradients
to CF z from the first training iteration itself, we start training without any compression and gradually increase
the CF from 1× to z over a certain duration of steps/epochs. For models like ResNet-50 [131] and DeepSpeech
[127], DGC achieved CFs from 270× to 600× without losing any accuracy.

• Random-k [263] sparsification works by randomly choosing a subset of values from the accumulated gradients.
The number of gradients selected for communication is determined by chosen CF of k. Due to its randomized
selection procedure, this method has negligible compression overhead compared to other sparsification tech-
niques. Thus, iteration time is mostly determined by the computation time and the time taken to communicate
sparse gradients. However, Random-k does not scale well to high CFs; models can converge with 10× CF in
some cases, but tend to diverge beyond that, causing severe degradation in a model’s train and test accuracy
[46].

• Sparsity-Inducing Distribution-based Compression (SIDCo) [46] works by modeling residual gradients at every
iteration as a sparsity-inducing distribution (SID) and sparsify the gradients using a threshold calculated from
the SID. The intuition is that large DNNs tend to be over-parameterized and as training progresses, a model
eventually starts converging. Thus, most of the gradients are zero or close to zero. SIDCo thus exploits this
inherent sparsity in DNN training by using distributions like double Exponential, double Gamma and double
Generalized Pareto (GP). Since its an approximate approach for threshold-estimation, it can be inaccurate at
higher CFs. To solve this problem, SIDCo uses a multi-stage threshold estimator where the original gradients
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are fitted to a SID with a CF z1. Sparse gradients generated from before are then used to fit another SID
to compress gradients to CF z2. The sparse gradients returned thus have a CF of z1 · z2 with respect to the
original gradients and are much more accurate than directly compressing accumulated gradients to CF z1 · z2
with SIDCo. Compared to techniques like naive Top-k and DGC, SIDCo has a considerably lower compression
overhead. In its evaluation on various convolutional and recurrent networks, SIDCo accelerates training by up
to 42×.

• Threshold-v [52] is a sparsification technique where a fixed hyperparameter v is assigned prior training. Based
on the value of v, compression is performed by selecting gradients with magnitude greater than or equal to v.
The compression overhead of Threshold-v is minimal as only a mask vector is applied to select values ≥ |v|.

• gTopKAllReduce or global Top-k AllReduce [249] is an allreduce-friendly gradient sparsification technique. In
naive Top-k where gradient values and indices have to be synchronized (i.e., a total of 2k values) via all-gather
takes time log(N)α + 2(N − 1)kβ on N workers on a network with latency α and bandwidth 1/β. As the
second term increases with the number of workers, communication becomes expensive on larger cluster sizes.
Thus, this approach is not optimal for low-bandwidth networks. gTopKAllReduce designs a technique for top-k
compression with a communication mechanism that is bandwidth optimal. In the mechanism, communication
is initiated between a pair of nodes at every step via send and recv collectives. With a model comprised of
M differentiable parameters, a worker sends 2Mk values (each Mk corresponding to eligible gradients and
indices) to another worker. The worker that receives the values aggregates the result and selects top-k values.
By the end of first step, there are N/2 workers with top-k gradients. These steps are repeated log2(P ) times.
For e.g., a cluster of 8 workers involves log2(8) or 3 rounds of send and recv calls between pairs of workers. By
the end of log2(P ) rounds, a single worker will have the global top-k values that are distributed to all workers
via broadcast. The overall time complexity of global top-k is 2α log(P ) + 4Mkβ log(P ). Unlike all-gather,
the time in global top-k does not increase linearly with the number of workers and is thus bandwidth-optimal.

b) Quantization:
In this class of compression, updates from workers are quantized either by reducing the bit-width of single-

precision floats or via a codebook such that each gradient value and index corresponds to pre-defined state, effectively
bounding or quantizing the range of values that can be taken by the compressed tensors [54]. In the former, one
can reduce 32-bits to a minimum of 1-bit, thus achieving a maximum possible compression of 32×. Similar to
sparsification, quantization techniques benefit greatly from error-feedback and residual gradients as well.

• 1-bit SGD [241] aggressively quantizes 32-bit gradients to 1-bit, thereby achieving a compression of 32×.
To prevent accuracy deterioration, 1-bit SGD adds the quantization error back to the gradients computed in
the subsequent iteration (i.e., error-feedback). For aggregation of quantized gradients, each trainer among N
workers receives 1/N -th of the quantized updates, decompressed, reduced and quantized again before being
re-distributed to all workers which is then applied in the SGD update.

• Threshold-v quantization [264] also improves convergence via error-feedback. Unlike Threshold-v sparsifica-
tion, this method quantizes gradients by choosing a fixed threshold v and encodes all values greater than +v
and less than −v with 1, while setting every other value to 0. That is, gradients with magnitude greater than
or equal to v are communicated while everything else is discarded.

• Quantized SGD (QSGD) [54] offers flexible compression by trading between communication bandwidth and
convergence time. QSGD allows workers to trade-off the number of quantized bits exchanged per-iteration with
additional variance. It uses stochastic quantization such that gradients are quantized by randomized rounding
while still keeping intact the statistical properties of the original gradients. QSGD then generates encodings
with an efficient lossless code for quantized values. For a gradient tensor g, element i is compressed by operator
Q(gi) = ||g||2 · sign(gi) · ϵi(g, s) where sign(gi) ∈ {−1,+1}. Here, random variables are chosen by function
ϵ(·) (in Equation (10)). With user-specified integers 0 ≤ l < s, |gi|/||g||2 are quantized to [l/s, (l + 1)/s].
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ϵi(g, s) =

{
l/s with probability 1− ( |gi|

||g||2 · s− l)

(l + 1)/s with probability |gi|
||g||2 · s− l

(10)

• TernGrad [296] quantizes gradients across three levels: {−1, 0,+1}. Using residual gradients from error-
feedback, TernGrad develops a layer-wise quantizing approach with gradient clipping to improve convergence.
A tenary operator T (·) quantizes element gi from the accumulated gradients g as T (gi) = max(abs(gi)) ·
sign(gi) · bi. The first term extracts the largest magnitude to use for the quantized gradients, the second term
collects the sign of the corresponding gradient element, i.e., sign(gi) ∈ {−1,+1} and the last term follows a
Bernoulli distribution and takes 0/1 based on Equation (11).

bi =

{
1 with probability |gi|

max(abs(gi))

0 with probability 1− |gi|
max(abs(gi))

(11)

• Variance-based quantization [273] builds on the observation that most gradient updates can only be accumulated
(and not communicated) until a high magnitude, low-variance update is eventually collected in the residuals.
An update is considered insignificant and can thus be ignored when its value is small over its variance across
the accumulated iterations. The residual gradients are effectively perceived as delayed updates. The condition
for a gradient value to be eligible for compression is given by Equation (12), and compares the squared mean
of gradients (right side of Equation (12)) and sum of squared gradients (left side of Equation (12)).

α
∑

xn,t∈Bn

(
1

|b|
∂

∂wn,t
L(xn,t, wn,t))

2 < (
∑

xn,t∈Bn

1

|b|
∂

∂wn,t
L(xn,t, wn,t))

2 (12)

The parameter α controls the estimation accuracy by checking if the accumulated gradients still decrease the
loss function. The gradients that satisfy the above condition are then compressed via quantization and encoding
the corresponding indices. A CF of 8× is attained by quantizing 32-bit gradients to 4-bits.

• signSGD [64] applies quantization for reducing communication costs by transmitting only the sign of the
gradients computed in a given iteration. Given an element i in gradient g, we thus have sign(gi) ∈ {−1,+1}.
The quantized gradients are aggregated based on the majority vote where each worker sends its sign associated
with a particular gradient. A modified version of signSGD called SIGNUM [65] applies momentum to the
equation and transmits the sign value of that for optimized communication. EF-signSGD [151] adds error-
feedback to signSGD and has much better generalization than just using the latter, and achieves the same
convergence rate as vanilla SGD. In addition to using the residual gradients, EF-signSGD scales the magnitude
of the gradient updates as well. The gradients gt at iteration t are updated with accumulated gradients rt =
gt+rt−1, which are then quantized by EF-signSGD compressor C(rt) = |rt|1 ·sign(rt)/len(rt) and EF-gradients
for the next iteration rt+1 = rt − C(rt) Model parameters are then updated as wt+1 = wt − η

∑N
i=1 C(rt) and

pushed back to the workers to proceed with the next iteration.

• Blockwise Error-Feedback SGD or EF-blockSGD [327] optimizes EF-SGD which quantizies gradients based
on the magnitude and sign of individual gradient values. The magnitude term of the residual gradients used in
EF-SGD is rt/len(rt) which can become very small when the model size is large and the tensors are sparse.
This is a variation of diminishing gradient problem in the context of compression-based DNN training. To
mitigate this, EF-blockSGD proposes to bucket gradients into B blocks, and then apply quantization on each
block corresponding to its scaling factor. If the original accumulated gradients rt computed at iteration t are
split into B blocks, i.e., rt = r(1,t) ∪ r(2,t) ∪ r(3,t) ... ∪ r(B,t). Quantization is then applies on each block
such that scaling magnitude used for block 1 is |r(1,t)|1/len(r(1,t)), |r(2,t)|1/len(r(2,t)) for block 2, and so on.

c) Low-Rank Approximations:
Low-rank approximations work by decomposing gradients across lower dimensionalities. Considering the gradi-

ents as a matrix of dimensions (p × q), i.e., G ∈ Rp×q, it can be decomposed into lower-rank matrices U and V
such that U ∈ Rp×r and V ∈ Rr×q. This is based on the assumption that DNNs are over-parameterized and tend
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to have a low-rank structure. Instead of communicating G, we instead transmit U and V , achieving compression
as fewer gradient values are synchronized in this manner. The CF attained here is p · q/(p · r + r · q).

• PowerSGD [286] is an allreduce-friendly low-rank compression technique. Gradients for a model are decom-
posed to a target rank r on a per-layer basis. Fully-connected and convolutional layers and their corresponding
gradients can be represented as a matrix, say of dimension Rp×q. PowerSGD then uses power iteration to
decompose the gradient matrix G into two lower r-rank matrices P and Q. Here, iteration does not refer to
the training iterations, but the times we run the power iteration algorithm in a loop to get accurate low-rank
representation of G. Additionally, for the first iteration of PowerSGD, Q is initialized in an IID manner from a
normal distribution. For the specified iterations, PowerSGD then computes P = M×Q and aggregates it across
all workers via allreduce. Next, the matrix is normalized P̂ = P/det(P ) (where det(P ) is the determinant
of the matrix), followed by computing Q = GT × P̂ and synchronizing it among workers. After running for
user-specified iterations, we get the compressed representation of G as (P̂ , Q).

• GradZip [285] also performs matrix decomposition and allreduce communication of low-rank updates. It
decomposes gradient matrix G into r-rank matrices P and Q (like PowerSGD) to minimize the criterion that
contains an additional regularizer term:

max
P,Q
||G− P ×Q||2F + λ(||P ||2F + ||Q||2F )

• ATOMO [291] returns a low-rank representation of the gradients corresponding to a sparsity budget s while
minimizing variance by performing sparisification on quantized gradients. ATOMO performs compression by
atomically decomposing original gradients as G =

∑d
i=1 λiai where A = {ai}di=1. Sparse gradients with low

variance are calculated as Ĝ =
∑d

i=1 λitiai/pi where 0 < pi ≤ 1 and ti is a Bernoulli distribution of pi.

d) Hybrid Gradient Compression:
Hybrid compression techniques techniques combine two or more compression techniques to attain model with

accurate, low loss targets while still achieving high compression during training or inference. Different classes of
sparsification, quantization or low-rank updates can be combined together. Under hybrid compression, It is common
to combine a compressor that provides strong convergence guarantees but offers low compression with another lossy
compression method that might have comparatively poor convergence but offer high degree of compression.

• Deep Compression [125] is a multi-stage compression pipeline for inference tasks that collectively reduced
model size by up to 50× without affecting the convergence quality of DNNs. It involves parameter pruning,
quantization and Huffman coding [282], such that insignificant weights are removed in pruning, then a
codebook-based quantization technique is applied to share a finite set of weights across the entire model,
and finally applies Huffman coding to encode model weights and indices for further space optimization. In
Deep Compression, model parameters below a certain threshold and re-train the network with the smaller
model, the results of which are stored in compressed sparse row or column (CSR or CSC) format. For weight-
sharing based quantization, a model with M total parameters can be quantized by k clusters where each
centroid is a 32-bit floating point and there are M log2(k) indices, giving an effective compression rate
z = 32M/(M log(k)+32k). The centroids for weight sharing are computed so as to minimize sum of squares
within each cluster: arg minC

∑k
i=1

∑
w∈ci |w − ci|2.

• Reduction for Synchronization Bandwidth (RedSync) [107] is a hybrid compression technique that combines
sparsification with quantization. It compresses DNNs on a per-layer basis and accumulating residual gradients
over the course of training. RedSync then sparsifies the residual gradients to its target CF by using a mask
vector (of 0s and 1s) and applying it element-wise on the accumulated gradients. For top-k sparsification, it
proposes trimmed top-k selection and threshold binary search selection. In the former, gradients are modeled as
a normal distribution and size of sparse gradients is first measured with a large threshold value (calculated using
the mean and maximum value of gradients). If the size of returned tensors is smaller than than desired size
(based on k), threshold is decreased by a certain fraction and re-evaluated until the final tensor size is more than
k. In threshold binary selection, instead of searching for top-k elements, a threshold is evaluated for the range
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top-k to top-2k. The elements larger than the calculated threshold are then selection for communication. After
sparsification, RedSync then applies Alternating Signs Quantization (ASQ) to further compress the sparsified
gradients with an additional 2× compression. ASQ works by alternately quantizing between top 0.1% elements
and minimum 0.1% elements in adjacent training iterations. As the top and bottom 0.1% have the same sign,
no communication is required to transmit the extra sign information.

• SparCML [228] is a compression-friendly communication library that builds additional features on top of
MPI like low-precision data communication and asynchronous operations. To reduce synchronization costs,
it combines sparsification with quantization. SparCML applies top-k compression on the gradients appended
with the local residual gradients, updates the residual gradients with gardient values that are ineligible for
communication. It then calls allreduce on the sparsified gradients to aggregate updates in a sparsity-aware
manner. If the reduction of compressed gradients becomes dense, the library will quantize the gradients so
as to reduce the synchronization overhead. Gradient quantization is applied with QSGD [54]. When none of
the zero elements in compressed gradients across workers overlap, allreduce is implemented by calling reduce
on one worker, followed by a broadcast call. When all the non-zero values across all workers’ compressed
updates overlap, an efficient allreduce call (like ring or tree allreduce) is made.

• Sparse Ternary Compression (STC) [239] is a compression framework designed to reduce the communication
cost in federated learning by combining upstream top-k compression, downstream compression, gradient
ternarization and optimal Golomb encoding of weight updates.

△ŵn,t+1 = Topk%(△wn,t+1 + rn,t) and △w∗,t+1 =
1

N

N∑
i=1

ŵi,t+1 (13a)

rn,t+1 = rn,t +△wn,t+1 −△ŵn,t+1 (13b)

During upstream compression, residual parameters are appended to local parameters before applying top-k
compression, followed by averaging the sparse parameters on the central server (Equation (13a)). The updates
that are not sent to the server are accumulated to the residual gradient for the next iteration, shown by
Equation (13b). A similar compression scheme is applied downstream, i.e., from the central parameter server
to the participating devices. To avoid updates from devices using stale updates from not having participating in
communication for a while, such devices have to first download latest parameters from the server to be eligible
for communication in the next round. The compressed top-k% parameters are further compressed with a ternary
tensor in the range {−µ, 0, µ}, thus quantizing 32-bit single-precision floating points to 1-bit. To avoid sending
the index positions of sparse tensors, STC uses Golomb encoding to communicate the relative distance between
non-zero elements, thereby reducing the average number of position bits. STC outperforms FedAvg in terms
of final model accuracy in settings with non-I.I.D. data or low participation rate in a communication step when
the number of clients is large, or in small-batch training. In IID data partitioning, STC is pareto-superior to
Federated Averaging [194] in that it achieves the same target accuracy in fewer iterations and with a lower
communication budget.

e) Adaptive Compression Techniques
Unlike traditional HPC jobs, distributed DNN training is different in the sense that not every iteration holds

the same degree of significance [47]. This is due to the stochastic nature of SGD and a model’s training where
gradients are large initially, but as the model converges over the iterations, gradients become sparse and smaller
in magnitude. Some updates are thus more important than others during training. Hence, it is viable to develop
adaptive compression methods as well that tweak CF or the compression technique applied itself as a model trains
over the iterations.

• [101] builds atop threshold-v based quantization to develop an adaptive compression strategy. Unlike conven-
tional threshold-v that uses a fixed threshold v for quantization, the adaptive mechanism takes a user-specified
CF z and computes a positive (τ+) and a negative threshold (τ−) on accumulated gradients of size M at every
iteration. The upper threshold τ+ is computed by taking the top M/z updates, while the τ− is calculated
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taking the smallest M/z updates from the gradients. An encoding mask of 1s is used for gradient values
meeting the upper-lower thresholds, a 0 mask is used otherwise. For bandwidth-optimal communication, a
quantization-aware variant of allreduce is also implemented that first performs a reduce-scatter between a pair
of workers, followed by a ring-based allgather.

• Adaptive Residual Gradient Compression (AdaComp) [80] keeps track of the local gradient residues via error-
feedback and adaptively tunes compression rate based on the significance of the collected gradient updates. In
addition to tuning CF across iterations, AdaComp can tune its CF across DNN layers as well. The accumulated
gradients are bucketed into several bins of fixed length, and the maximum absolute value for each bin is
evaluated. A gradient is selected for communication if the updated residual gradient at current iteration
multiplied by a certain scaling factor is greater than maximum value of the bin, i.e., m(b,t) = max(abs(r(b,t−1)))
is the largest absolute value from bin b at iteration t. Once gradients are computed, residuals are updated as
r(b,t) = r(b,t−1) + g(b,t) and thus, we transmit gradients if the following condition is satisfied m(b,t) < s · r(b,t)
for scaling factor s. The compressed residual gradients are quantized on a per-layer basis to further improve
the CF.

• Accordion [50] implements an adaptive compression strategy that can be integrated with other sparsification,
quantization or low-rank methods. The intuition behind Accordion is that DNN training is a stochastic process
and not every iteration is equally important. Some updates are more critical than others with regard to the
updates made to the model. This is corroborated by works that explore critical periods in deep learning
training and training sensitivity in the early training stages [47], [111]. Accordion detects critical updates from
tracking changes in gradient variance between consecutive training iterations. It switches between a low CF
zlow and a high CF zhigh depending on whether the gradients are important enough or not. When updates
are critical, Accordion uses zlow for compression, and zhigh otherwise. Formally, critical updates are detected
as (||g(n,t−1)||2 − ||g(n,t)||2)/||g(n,t−1)||2 ≥ ϵ. Here, ϵ is a user-specified detection threshold that makes a
trade-off between compression/communication time and accuracy. A low ϵ means even a slight change in the
inter-iteration gradients is recognized as a critical update and thus, we use low CF zlow for compression which
implies more communication cost. Since gradients at low CF are more representative of the original gradients,
accuracy loss for the same iterations is not that severe (compared to training without compression). On the
other hand, a high ϵ suggests that inter-iteration gradients have to differ significantly in order to be qualify
as critical updates. Thus, we mostly use high CF zhigh which brings down synchronization time. At high CF,
more information is lost and thus, quality of updates is poor in this case. Thus, the accuracy attained in the
same iterations at high CFs and at no-compression may be more severe.

• GraVAC [280] proposes an adaptive compression technique that adjusts CF on a per-iteration basis; starting
with low compression initially and gradually increasing CF as training progresses. It combines the pareto-
related parallel and statistical efficiency in distributed training with a single metric ‘compression throughput’,
combining overall system throughput with ‘compression gain’: Tcompression = Tsystem × Compression gain.
The latter term accounts for statistical inefficiency associated with lossy gradient compression, and measured
by the ratio of L-2 norm of prior and post-compression gradients. If the error-fed updates are obtained by
adding the backpropagated and residual gradients, i.e., g

(ef)
t = g

(o)
t + r(t−1), and compressed updates are

generated by compressor C(·) such that g
(c)
t = C[g(ef)t ]. Compression gain is then measured as E[||g(c)

t ||2]
E[||g(ef)

t ||2]
.

Using these metrics, GraVAC develops an adaptive strategy where models use low CF in early and critical
training phases, and higher CF as the model begins to saturate and gradients get smaller. Compression can
be increased via different CF scaling policies, and based on a pre-specified gain threshold, the communicated
updates may be compressed to currently used CF, or the minimum CF specified in GraVAC, or the original
gradients g

(o)
t if the former two trim excessive information and fail to update the model in any significant way.

• All-Reducible Top-k or AR-Topk [279] is an adaptive compression-communication mechanism that is cognizant
of network variability and performance. Network performance degrades as we move from HPC to cloud to edge,
and may even fluctuate in shared clusters due to congestion, QoS (quality-of-service) priorities, contention,
network scheduling, etc. In data-centers, network heterogeneity may even arise from device placement and
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topology, link bandwidth, job placement, etc. The communication cost of lossy compression using Allgather
to aggregation compressed gradient values and indices has varying latency and bandwidth cost compared to
Allreduce used to aggregate the original, uncompressed gradients. [279] proposes heuristics based on latency-
bandwidth cost model to choose the faster collective between Allgather and different flavors of Allreduce
for a given network configuration. To leverage the latter collective, it implements an Allreduce-friendly
compression technique called AR-Topk. For any CF, parallel and statistical efficiency in gradient compression
are inversely related; a large CF improves parallel performance by reducing communication cost but may
suffer poor statistical performance from trimming excessive gradient information. Similarly, a small CF would
preserve statistical performance by retaining most of the tensors but have poor parallel efficiency due to high
communication cost. To adaptively adjust the degree of compression under variable and unpredictable networks
while accounting for parallel as well as statistical efficiency, [279] models compression as a multi-objective
optimization problem. The objective of this optimization problem is to find the optimal CF coptimal that
maximizes compression gain (extended from GraVAC [280]), and minimized compression and communication
overhead: coptimal = argminc{F( t

(c)
comp−decomp, t

(c)
sync, gain−1(c))}. In this evaluation, the authors show how

AR-Topk dynamically adjusts its CF as well as communication collective as latency and bandwidth changes
over the course of training.

5. FEDERATED LEARNING

The challenges of distributed model training are further exacerbated in Collaborative or Federated Learning
(FL) [155], [194], [295], [171] where numerous edge or mobile devices collect multi-modal data to be used for
training. For e.g., edge devices could be traffic or car cameras, smart sensors in private networks, fog servers,
etc. while mobile devices include smartphones or tablet cameras, sensors and smart keyboards. However, unlike
typical distributed data-parallel training where the data is moved to a central location and partitioned in an IID
manner, data recorded by personal/restricted devices poses a privacy or security risk. Distributed training on
non-IID inherently suffers from slower and poor convergence over balanced partitioning among workers [325],
[277]. Additionally, synchronous training mechanisms are applicable to cloud and data-centers with high-speed
interconnects and bandwidth. Comparatively, edge devices have limited network bandwidth or high latency due
to geographically distributed workers. Lastly, workers participating in federated learning may have heterogeneous
computational capability (i.e., systems heterogeneity) and so, may face due straggler slowdown on account of slower
devices in synchronous training. With the explosion in big data and IoT, the number of smart devices has grown
exponentially. The FL space has thus observed rapid developments in recent years.

A. State-of-the-art FL Frameworks

A variety of benchmarks and frameworks have been developed in recent years for training a globally-shared
model with federated clients in simulations as well as real-world deployments. A well-rounded framework should
be scalable and able to train over a swarm of devices. It should also leverage different communication protocols
like MPI, gRPC (remote procedure call) and message queuing [157] to enable both cross-silo and cross-device FL.
In cross-silo, clients are fewer and have more computational resources available, such as nodes in shared clusters,
cloud or HPC. In cross-device FL, clients are resource, power or network-constrained devices, such as those found
across mobile, edge or IoT networks.

A thorough FL framework should also implement privacy-preserving techniques such as differential privacy [45],
homomorphic encryption [214] and secure aggregation [71]. Differential privacy [45] adds fixed noise to model
updates to prevent gradient inversion attacks and prevents associating a data sample with a particular client in the
presence of bad actors. Homomorphic encryption (HE) [214] allows clients to send their updates in an encrypted
format to the central server, which aggregates client updates without decrypting the data. Although this imposes
additional computational overhead on the server, it ensures that client updates cannot be leaked in case of unreliable
or attack-prone servers. Secure aggregation [71] combines updates from various clients such that the contributions
of any given client remains private. This can be achieved either by homomorphic encryption, or via secret sharing
where model updates are split into multiple shares, and distributed in smaller pieces.

An end-to-end FL framework should also leverage compression techniques, such as those described in §4-B.
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Additionally, it must also cater to challenges like limited compute and data heterogeneity among clients, which
is prevalent in edge and mobile devices. For privacy-preserving ML, it is critical to maintain secure access and
robust identity and access management protocols (such as Globus Compute [78]). Lastly, it should also encompass
state-of-the-art training algorithms, and provide good abstractions to implement novel ones. We describe some FL
techniques in §5-B.

With the above features in mind, we list existing FL frameworks, and highlight their respective strengths and
weaknesses (listed in the order of publication year):

• PySyft [236] is an open-source, privacy-preserving ML library that protects data by using techniques like
homomorphic encryption and secure multi-party computation. It integrates PyTorch within its framework,
provides single and multi-node execution, and creates virtual clients for simulation runs. For communication,
PySyft uses the WebSocket protocol [27] to aggregate client and server updates.

• LEAF [76] provides diverse IID and non-IID datasets across a variety of ML tasks and includes various
performance metrics to measure the convergence speedup and quality of FL algorithms. However, it is available
for simulation-only and implements multiple clients with a simplistic FL training loop. It also does not
implement any additional privacy preserving features or compression-based techniques.

• FedML [130] is an open-source, Python-based framework that can train models written either in PyTorch or
TensorFlow. It supports data heterogeneity, privacy-preserving methods, authentication and access management
and real-world deployment (in addition to simulations). FedML also offers a web-based job submission and
performance monitoring/logging UI (user interface). However, FedML currently lacks compression capability
and only implements synchronous FL algorithms (no support for asynchronous communication currently).

• TensorFlow Federated (TFF) [70] is an open-source framework for applying ML on decentralized data. With its
two-level programming model, users can implement some modules in TensorFlow and some with TFF’s API.
TFF additionally allows for data heterogeneity and privacy-preserving techniques. However, TFF is limited to
simulations only over multi-GPU systems and not geared towards actual deployment in the field. Compression
is also missing from TFF at the time of writing this article.

• FLOWER [67] is developed for both simulations and real-world FL job deployments. Using gRPC for commu-
nication, FLOWER support multi-language support where clients and server can be implemented in different
programming languages (assuming the underlying model being trained is the same). In principle, one could
thus train over an Android client written in Java and another iOS client in Swift language, while the server
is running Python code. However, this comes at the cost of higher communication overhead from serializing-
deserialization (ser-de) the buffers between clients and servers. It also supports data heterogeneity over a
plethora of datasets, and provides interfaces for private training and authentication mechanisms. However, it
currently does not support asynchronous training algorithms or compression mechanisms. In its evaluation,
FLOWER scaled to over 1 million devices with 1000 concurrently training clients.

• FedScale [161] supports both simulations and actual deployment across heterogeneous clients with different
computational capabilities and unbalanced data distribution. With its modular architecture, FedScale provides
support for various synchronous and asynchronous federated algorithms, and integrates well into existing
frameworks like TensorFlow and PyTorch. It also provides compression-support, privacy-preserving ML and
authentication mechanisms. However, for cross-silo FL in HPC, FedScale does not currently offer direct support
for MPI integration which may enable faster training with better latency-bandwidth costs over gRPC with
HTTP/2.

• NVFLARE (NVIDIA Federated Learning Application Runtime Environment) [233] offers synchronous FL
over heterogeneous data with features like privacy, authentication techniques and real-world deployment
capability. For communication, the framework uses gRPC with protocol buffers (ProtoBufs) for message ser-
de. The provided abstractions in the Controller programming API like FLContext and FLComponent ease
the development of new FL algorithms. However, it currently lacks abstractions to implement asynchronous
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training algorithms with in-built compression to reduce data, model or gradient communication volume.

• MONAI (Medical Open Network for AI) [77] targets ML applications for medical data and built atop PyTorch
and PyTorch lightning [19]. It provides a plethora of pre-trained models on medical images and provides
implementations of state-of-the-art federated algorithms. Backed by NVIDIA, MONAI is well integrated with
NVFLARE [233].

• APPFL (Argonne Privacy-Preserving Federated Learning) [237], [176] is a framework developed by the
Argonne National Laboratory, USA, and enables FL on heterogeneous data with support for synchronous
and asynchronous training algorithms across both simulations and real-world deployments. Additionally, it
integrates compressors like SZ2 [183] and SZ3 [321], and provides privacy-preserving ML with homomorphic
encryption and differential privacy. Using Globus compute [78], [7], APPFL offers additional authentication
and identity/access management support, as well providing FL function-as-a-service (FaaS) [175]. APPFL uses
MPI and gRPC as client-side communication protocol and Globus compute [7] respectively.

B. Training Algorithms in FL

Here, we describe some of the more popular and novel federated training algorithms and techniques proposed
in recent years:

• Federated Averaging or FedAvg [194] is a federated learning technique that leaves the data locally on each
device and learns a globally shared model by infrequently aggregating locally computed updates. Workers thus
train independently on their local data, and occasionally send their updates to a central location like a parameter
server. The synchronization may be performed at the end of each epoch, or after certain iterations as specified
by the user. FedAvg is akin to local-SGD described previously, but applied to a plethora of mobile devices
and non-I.I.D. data distributions. Another difference in FedAvg is that it performs weighted aggregation when
different workers process variable number of data points in an iteration. The variation in data processing may
stem from systems heterogeneity among workers or non-uniform data volume across workers. Thus, when
worker i processes di samples in an iteration such that a total of N workers cumulatively process mini-batch
d, the model aggregation step on the PS becomes wt+1 ←

∑N
i=1 di ·wi,t+1/d. Compared to synchronous SGD,

FedAvg reduces communication cost by 10-100× for various DNNs.

• FedProx [172] tackles both systems and statistical heterogeneity in federated networks. It is a generalization
and re-parameterization of FedAvg, while providing more robust convergence guarantees. FedProx generalizes
for FedAvg by allowing variable amount of work on each device based on its compute capability and aggregate
these partial solutions instead of dropping the results from the stragglers. Interestingly, FedProx adds a proximal
term akin to elastic-averaging SGD’s penalty term (Equation (8a)) to the loss function. This term is added to
limit the impact of variable local updates on the per-worker solvers by reducing the deviation between the
local and global model state. The proximal term also allows variable amount of local work due to systems
heterogeneity. Thus, FedProx optimizes to minimize the loss function updated with an additional proximal term
and infrequently aggregates model state from all workers on a central server during communication period.
The authors show that under the assumption of bounded variance and a large enough penalty/proximal term,
FedProx achieves the complexity as SGD of O(N/ϵ+ 1/ϵ2) for an ϵ-approximate solution.

• [311] developed a non-parametric Bayesian inference approach for FL in non-IID, heterogeneous data settings.
Models are trained locally on a device and those per-worker parameters are matched across data sources via
a posterior of Beta-Bernoulli process (BBP) and Indian Buffet Process (IBP) [271]. A BBP is a Bayesian
non-parametric model that matches local to global parameters or create new global parameters. An assignment
cost matrix is formulated given a collection of workers with locally-trained parameters. Matching assignments
are then computed using the Hungarian algorithm [159] to infer global parameters across all workers. The
chosen global parameters from all workers are concatenated to form new global model parameters.

• [325] uses a decentralized approach to improve statistical performance of FL on unbalanced and skewed data.
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They suggest that accuracy reduction in non-IID training can be explained by weight divergence, or Earth
mover’s distance (EMD) between distribution of classes on a worker and the overall population distribution.
Weight divergence can be measured as: ||wFedAvg − wSGD||/||wSGD||. When the data is balanced, weight
divergence is small; and larger for non-IID data. During the synchronization step, the global weights are
computed using a weighted average on the parameters of the individual workers based on the number of
training samples processed by each. To improve distribution and training performance, they create a small data
subset that is globally shared between all workers. The authors showed an accuracy improvement of 30% on
CIFAR-10 while sharing only 5% data globally.

• [155] reduces upstream communication in FL (i.e., from workers to a central server) via structured and sketched
updates. With structured updates, workers learn from a restricted space with a small number of variables either
via low-rank approximation or random masking. In sketched updates, all model parameters are pushed in
compressed form using a mix of quantization, random rotations and subsampling. The authors validate their
approach on convolutional and recurrent neural network by reducing communication cost by two orders of
magnitude.

• FetchSGD [234] solves the challenge of expensive communication overheads and slow convergence due to
sparse client participation at any iteration and non-IID data in FL. It reduces communication using count
sketching for model compression. Different sketches across workers can be combined to aggregate model
updates. Additionally, sketching is linear and supports both momentum and error accumulation.

S(ĝt) =
N∑
i=1

S(gi,t) (14a)

Top-k(U(S(ĝ))) ≈ Top-k(ĝ) (14b)

△t = Top-k(U(ηSt + Serrort )) (14c)

Serrort+1 = ηSt + Serrort − S(△t) (14d)

wt+1 = wt −△t (14e)

In the synchronization step, the PS can compute the sketch (using compression operator S(·)) of the ag-
gregated gradient by simply summing the individual gradients because of the linear property of sketching
(Equation (14a)). The sketching operator has a corresponding decompression operator U(·) associated with
it that returns an unbiased estimate of the aggregated gradient. Thus, most significant parameters can be
approximated using Top-k compression [263] as shown in Equation (14b). Gradients for the current iteration
are computed using sketched updates and the accumulated error (or residual gradients) in Equation (14c). The
residual gradients to be used in the next iteration are calculated by subtracting the sketched update from △t

(Equation (14d)), followed by applying the SGD update.

• Federated Momentum or FedMom [138] reassessed the model averaging step in previous algorithms like FedAvg
and FedProx, and formulated it as a gradient-based method with biased gradients. Instead of simple model
averaging, FedMom updates model parameters as: wt+1 = wt −

∑N
i=1 dk(wt − w

(i)
t+1)/d. With this approach,

FedMom updates its momentum vector in order to minimize client drift (i.e., divergence between local client
models and aggregated server model). The momentum coefficient is a tunable hyperparameter that limits the
divergence between clients.

• SCAFFOLD [150] leverage variance reduction in order to minimize the client drift in local updates. Stochastic
controlled averaging helps DNNs converge in fewer communication rounds, even with heterogeneous data
distribution. With control variates on a per-client basis, SCAFFOLD accounts for local model divergence as
well as differences in clients’ data distribution. For client i with local model w(i)

t and gradient update g
(i)
t ,

parameters are updated as shown in Equation (15a). The control variate is updated by the difference between
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the global and local model state (Equation (15b)). After computing the local client updates, the global model
is updated as a gradient update by calculating the average difference between clients’ local state between the
current and previous iteration t, shown in Equation (15c).

w
(i)
t+1 = w

(i)
t − η ⊙ (g

(i)
t + c(i)) (15a)

c
(i)
t+1 = c

(i)
t + (w

(i)
t − wt) (15b)

wt+1 = wt −
η

N
⊙

N∑
i=1

(w
(i)
t+1 − w

(i)
t ) (15c)

• Federated Normalized Averaging or FedNova [293] studies the objective inconsistency arising from hetero-
geneity in local data and computational speed across workers. In FedNova, the authors make the following
assumptions: each local objective function is L-smooth, local gradient on each worker is unbiased and
has a bounded variance, and the dissimilarity between the weights of any of the participating workers is
bounded as well. Under these assumptions, the non-vanishing error term due to objective inconsistency
X 2
d||w =

∑N
i=1(di − wi)

2/wi, where di is the fraction of data points processed in a given iteration on worker
i relative to the global mini-batch size. This term measures the chi-square divergence between the model
parameters computed on a worker based on the quantity of training data processed by it. FedAvg eliminates
non-vanishing error resulting from objective inconsistency by setting wi = di. FedNova thus aggregates the
normalized stochastic gradients instead of the local gradient changes. The authors show how FedAvg and
FedProx can be presented as special cases of the analysis framework included with FedNova.

• ScaDLES [277] enables federated learning over streaming data. It proposes weighted aggregation of updates
based on a worker’s respective streaming rate in order to mitigate compute and streaming heterogeneity. To
mitigate statistical heterogeneity arising from non-IID data streaming locally into devices, the authors propose
randomized data-injection where only a device shares partial training samples with a subset of devices chosen
randomly. On each iteration, a device i chooses a fraction α out of N devices to share fraction β of its
streaming data, βSi. Together, (α, β) decide what fraction of workers share how much of their data with
other devices. ScaDLES minimizes privacy violation (due to data sharing) by randomly choosing devices and
broadcasting only a fraction of the data.

• FedBN [173] deals with the challenge of different workers storing data with different distributions locally, or
feature-shift non-IID. This approach uses local batch normalization [139] to mitigate feature shift before the
synchronization period. FedBN outperforms both FedAvg and FedProx by achieving 6-10% more accuracy on
various non-IID datasets like Office-Caltech-10 [15] and DomainNet [212].

• SelSync [278] is a low-frequency, high-volume communication-based federated learning technique that adap-
tively switches between local and synchronous updates based on the significance of its gradient updates. The

significance of model updates is measured via the gradient change metric given as:
∣∣E[||∇L(c)

(t) ||2]−E[||∇L(c)

(t−1)||2]
E[||∇L(c)

(t−1)||2]

∣∣
for gradients∇L computed over consecutive iterations t and (t−1). Using the above metric, updates are applied
locally if its value is below the user-specified threshold, and synchronous updates otherwise. Additionally,
SelSync employs parameter aggregation over gradient averaging and proposes a custom data-partitioning
scheme ideal for semi-synchronous training. It also extends stochastic data-injection from ScaDLES [277]
to improve convergence quality in skewed and non-IID data settings.

• AdaFed [115] takes an adaptive approach to federated learning by dynamically weighting local worker replicas
in the parameter aggregation step, as well as adapting the loss function of local solvers in the communication
period. Due to its adaptive behavior, AdaFed is robust to unbalanced and non-IID data. The weights of each
worker’s replica is dynamically assigned on the basis of the local model’s performance on a representative
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test set, where more weights are assigned to workers with better performance on the test set. Additionally,
each worker’s loss function is updated as well based on the central server’s performance on the test set. The
updated model parameters and loss function is then propagated back to the workers from the PS.

• Distributed Low-Communication or DiLoco [100], [140] trains LLMs in federated settings, and implements
a variation of federated averaging [194] with only a few communication rounds to reach convergence. For
LLM training, DiLoCo trains local clients over Adam [153] with weight decay optimization [192], while
client updates over the central server are aggregated with a momentum-based optimizer. For fixed cumulative
iterations, DiLoCo convergence to acceptable loss whether training from scratch or pre-training for certain
iteration beforehand. The open-source version of DiLoCo is available at [140].

• FedOpt [226] proposes federated versions of adaptive optimizations like Adagrad [103], Adam [153] and Yogi
[314]. In general, FedOpt computes the local parameters on a worker with its private data and evaluates the
parameter changes between the local and global state in the communication step, i.e., △wi,t = wi,t −w∗,t for
worker i at iteration t. These parameter changes are sent to the central server to be aggregated, which then
re-distributes them back to the workers to be used in the next round of iterations: △wt =

∑N
i=1△wi,t/N .

Conventional adaptive gradient optimizers are extended to FedOpt to compute the momentum using the change
in model parameters (i.e., △wt): mt = β1mt−1 + (1 − β1)△wt. For FedAgagrad, velocity is computed as
vt = vt−1 +△w2

t ; for FedAdam vt = β2vt−1 − (1 − β2)△w2
t , and for FedYogi vt = vt−1 − (1 − β2)△w2

t ·
sign(vt−1 −△w2

t ). Using the momentum and velocity terms mt and vt respectively, the parameter update is
given as w∗,t+1 = w∗,t + η mt√

vt+τ .

6. DISCUSSION

The first quarter of the 21st century has witnessed breakthroughs in the field of DL and AI (artificial intelligence)
with various algorithmic innovations. As-per the scaling hypothesis [9], state-of-the-art models are built on a scalable
architecture by stacking multiple units together, such as fully connected layers in multi-layer perceptron [232],
convolutional layers in deep convolutional networks [163], [158], [254], skip-connection based residual networks
[131] and large-language models built from attention-based transformers [283], [149], [95], [89], [39], [34], [35].
Although scaling up these architectures gives highly accurate and generalized models, this comes at the cost of high
computational cost in training/inference. From Sutton’s bitter lesson [20], greater AI systems are built by scaling
computation and learning model parameters iteratively and repeatedly, rather than solely developing new ways to
embed human knowledge into new compute agents.

The processing speed in von Neumann architecture [59] is governed by how fast and efficiently instructions
are executed, along with data-transfer speeds from memory store to compute agent over the bus. Thus, each of
the three components: compute, memory and interconnect are critical for optimal execution. In the context of
DL and AI, output is some input-dependent prediction, and the learning task is to obtain the latent features or
model parameters. Compute efficiency can be improved by executing more operations per-unit of time, which
may correspond to floating-point operations per second (FLOPS) or MAC operations. As training is iterative and
composed of many repetitive iterations, compute in the context of DL may also imply the total computation cost of
training a model to convergence. DNN training also needs considerable memory to accommodate batches of training
data, model parameters, gradients, activation maps and optimization-specific information. A slow interconnect may
pose transmission delays between memory and compute that could lead to application stalling. The ‘compute’
component such as the CPU, or the memory at different hierarchy levels or interconnects like buses and network
interfaces represent different application bottlenecks. For DL tasks, the development of specialized accelerators like
GPUs, TPUs and FPGAs (field programmable gate arrays) have significantly accelerated compute and rendered data-
movement (such as across memory and interconnects) as the primary performance bottleneck instead [98]. Thus,
along with algorithmic innovations, significant compute gains in commodity hardware [199], wide availability of
low-cost resources and HPC have aided the development and training of state-of-the-art DNNs.
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A. Parallel Efficiency in Deep Learning

Along with the growing size and complexity of DL models, big data and IoT have resulted in exponential growth
of multimodal data, thus making it crucial to integrate DL with distributed computing. This involves running
calculations across a cluster of machines to achieve a common objective [73]. Instead of a single compute unit, a
network of interconnected devices collectively solve large and complex tasks while providing scalability, consistency,
transparency, availability and efficiency. Today, frameworks like Hadoop MapReduce [90], Apache Spark [313]
and Apache Storm [272], and parallelization libraries like MPI [109], [17], OpenMP [88] and OpenSHMEM
[18] provide easy abstractions for running large-scale computational problems. Running DL models on distributed
systems presents similar challenges to those observed in a typical von Neumann architecture; distributed deep
learning incurs considerable cost due to data-movement (from inter/intra-node communication and I/O overheads).
It is crucial to optimize these components so as to improve the parallel efficiency of distributed DL. ‘Compute’
is improved by hardware-software co-design (described in §2-A), different parallelization strategies such as data,
model, pipeline or tensor-parallelism (§2-B) ‘Communication’ is improved at both intra and inter-node levels; the
former by using caching, optimized memory access patterns and tiling [8], using lower precision formats [196],
[224], pipelining, asynchronous data movement [2], large-batch training [193], NUMA (non uniform memory
access) aware task placement [174], and and optimized libraries for intra-node communication [88], [18], [31].
Inter-node communication is improved by using higher-bandwidth interconnects and fast communication libraries
like RDMA and RDMA over converged ethernet (RoCE) [122], [113], topology-aware communication [56] and
optimized aggregation like hierarchical [281] or ring-allreduce [242], overlapping computation with communication
[225] and various compression techniques described in §4. Furthermore, as Moore’s law [199] has trickled down
towards edge computing, it has facilitated collaborative or federated learning to train DNNs while conscient of
network bandwidth, data privacy and locality.

B. Statistical Efficiency in Deep Learning

DNN training primarily entails learning a specific optimization landscape for a given loss function and dataset.
Model hyperparameters set prior or tuned during training tend to affect its statistical efficiency, which in turn
affects the overall convergence quality (like test/validation loss, accuracy, perplexity, bilingual evaluation understudy
or BLEU score, etc.). Parallelizing DNNs across multiple nodes imposes both parallel and statistical efficiency
considerations and must be studied to attain fast speedups and good generalization.

Choosing the optimal parameters is crucial for convergence, whether for highest quality model, or least training
time. The statistical performance of a DNN is determined by the duration of training (total iterations or epochs),
learning-rate schedule, weight decay, dropout and regularization, choice of activation function for non-linearity (e.g.,
sigmoid, ReLU, Tanh, etc.) [160], training batch-size, loss function used (mean squared error, cosine similarity,
cross-entropy, KL divergence, etc.) [294], optimization type (e.g., Nesterov’s momentum, Adam, Adagrad, RMS-
prop, AdamW, etc.) [84] or weight initialization (such as Xavier or He). We explain some of them here:

• Length of training: In well conditioned optimization problems, learnable parameters follow the direction of
low curvature where loss decreases in a predictable way. Repeating this iteratively over the iterations improves
a DNNs statistical performance. However, in poor and sub-optimal conditions, models may not necessarily
converge in an expected manner as it may saturate to a saddle point. Thus, training for longer duration may
prove ineffective in such scenarios.

• Type of model optimization: Apart from vanilla SGD update, other optimization techniques can learn the
model faster or towards a flatter minima over the non-convex loss landscape. For e.g., Nesterov [204] adds
a momentum-term to the gradients, essentially applying smoothing and thereby reducing noise. Adagrad or
adaptive gradient [103] tunes the learning-rate for every parameter by considering the summed outer product
of gradients from previous iterations. RMS-Prop [84] extends Adagrad by adjusting per-parameter learning-
rate using exponential smoothing rather than cumulative sum. Adam or adaptive moment [153], and Adamax
combine multiple optimization schemes by smoothing out the gradients’ from previous iterations and decaying
average of gradient variance to account for bias-correction from diminishing or sparse gradients.

• Training batch-size: Although training is faster with mini-batch GD compared to full-batch GD, the quality
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(a) Batch-size (b) Learning-rate

Fig. 2: Optimization trajectory with (a) Small and large batch-sizes over the loss landscape. Large batches tend to
have less noise and attain optimal training loss in bigger steps and fewer iterations. (b) Low and high learning-rates.
A large step-size may overshoot and diverge from the minima.

of estimated gradients varies depending on the mini-batch size. Gradients are approximated to the true loss
landscape depending on the chosen batch-size, and are inversely proportional to gradient noise (i.e., smaller
batches have more noisy gradients) [193], [275]. On the other hand, gradients calculated from larger-batches
are representative of the true gradients from full-batch GD. This is the one of the main benefits of weak-scaling
in synchronous, data-parallel training where computations are parallelized with different batches over multiple
devices to effectively produce large batches for GD update. From Figure (2a), large batches can achieve low
training loss by taking bigger (and fewer) steps over the optimization landscape [307], [185]. Comparatively,
small-batches are more noisy and thus, take many more steps to arrive at the minima. Despite its parallel
efficiency and good training performance, large-batches suffer from poor generalization [152], [308] because
they either overfit or converge to sharper minima. Prior works have thus explored studying gradient information
to find the optimal batch-size that balances both parallel and statistical efficiency in DL [193], [275].

• Learning-rate schedule: In vanilla GD, gradients are scaled by the learning-rate, a crucial hyperparameter that
may determine model convergence or divergence. From Figure (2b), a low step-size takes smaller steps and
gradually moves in the direction of minima [193]. A higher learning-rate has a tendency to overshoot while
taking larger steps and may in turn, diverge the model. Dynamic or adaptive learning-rate routines [315] that
periodically decay the step-size by some factor aim to mitigate such issues [245]. Such adaptive schemes can
tune learning-rates at different granularities, such as across entire model, layer-wise or parameter-wise [315],
[310]. The intuition behind these techniques is that as a DNN gradually converges and fine-tunes itself, its
gradients saturate and so the factor by which SGD update is applied needs to be adjusted as well. Training
techniques like learning-rate warmup [119] have also been mapped to gradient compression, where a small CF
is used in the beginning and increased uniformly through the course of training [187], [50]. In the learning-rate
warmup phase, step-size is scaled as η/I for first I iterations, and set to η afterwards. The initial, small values
(either in learning-rates or CF in compression) account for the early sensitive training phase [111], [47].

Distributing a DL job over multiple nodes or devices offers parallel gain, or statistical gain, or both. This comes
from either training large models (like LLMs) that are too big to fit or run on a single machine, or training
DNNs over massive datasets that must be executed in a distributed manner in order to converge within reasonable
times. In the former, parallelization strategies like model, pipeline and tensor parallelism enable training of massive
DNNs divided across multiple machines (with high resource utilization). For the latter, synchronous data-parallel
training applies weak-scaling, i.e., increases the global batch-size proportionally to the number of nodes. Thus,
if a single node processes b samples at each iteration, synchronous data-parallelism processes a global batch-size
of Nb across N nodes. From a statistical standpoint, DL is affected by factors like gradient noise, learning-rate
routines, model initialization and poor conditioning. On top of these challenges, distributed DL is also affected by
heterogeneous hardware and architectures, heterogeneous networks, skewed and unbalanced distribution of training
data and generalization degradation with large-batch training. It is thus crucial to consider all these factors for
scalable DL systems that are time-and-compute optimal, and produce highly generalizable and effective models.
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7. CURRENT AND FUTURE DIRECTIONS

In the last quarter century, we have moved through the digital, information and data age, and now into the era
where compute is king [134], given the amount of training and inference compute needed to develop or serve
state-of-the-art models. Computation is the new oil today, which is why countries are imposing sanctions on export
of chips [23], and why many organizations rush to build in-house AI supercomputing clusters [28], [11], [29].
LLMs today are driving us towards much higher computational demands of Artificial General Intelligence (AGI);
reasoning models today that are served to the masses are spending as much compute on inference as training, if
not more. Compute today follows Jevons’ paradox [53]; even though compute has become cheaper and accessible,
the efficacy of DNNs today has increased usage and demand, driving up the overall computational demands.

From multi-layer perceptrons (MLP) to LLMs, DNNs are compute-intensive structures. The attention block
of a basic transformer [283] accounts for 95% of its operations in matrix multiplication. From there, size and
complexity of DNNs grew further with models like BERT [95], GPT-2 [218], GPT-3 [149], [74], ChatGPT with
Reinforcement Learning with Human Feedback (RLHF) and Direct Preference Optimization (DPO) [219], GPT-
3.5 [38], LLaMA [35], and many more. As we pace towards trillion parameter models, compute cost will rise
exponentially. Optimizing the compute cost, quantizing these models, minimizing data movement, developing faster
and cheaper communication infrastructure, and building efficient algorithms will thus determine the future of AI.

In addition to compute scaling, another observed trend is data scaling [134] Current state-of-the-art models have
already been trained over internet-scale knowledge, and it is estimated that we will eventually run out of data
to train on [148]. A potential solution to this approach is to use synthetic data generated by LLMs to train new
AI systems [41], [191]. With data scaling, we want to train over better data and build more robust and effective
models. Akin to LLMs, it is equally important to train smaller models with more data (i.e., invest in pre-training
compute) in order to have small, generalizable models with low inference costs, or develop context-aware models
that run locally on mobile and edge devices. In FL context, there are avenues for further developments as most of
the data is secure and private, i.e., unseen by a pre-trained model. Training DNNs in a privacy-preserving manner
over distributed clients with potential computational heterogeneity warrants development of novel algorithms and
techniques to address both parallel and statistical challenges.

It is also predicted that pre-training as we know it will end for generic AI applications [40], as the fossil
fuel for AI, open training datasets are limited to current state of the internet. For specific use cases, fine-tuning
and post-training will play an important role to enhance models for specific tasks. Techniques like Low-Rank
Adaptation (LoRA) [136] enable parameter-efficient post-training and reduce the inference cost for task-specific
learning. Further advancing such methods would help decompose even larger models for edge or IoT deployment.

The efficacy of reinforcement learning in the context of DNNs was firmly established almost a decade ago
with AlphaGo [252] and AlphaZero [253]. Later, reinforcement techniques like RLHF and DPO [219] further
enhanced the capability and generalizability of LLMs. Language reasoning models (LRMs) [66] can already perform
better than majority of the human programmers [128] and STEM (science, technology, engineering, mathematics)
researchers in some cases [42]. To proceed into the age of reasoning with LRMs, it is imperative to combine
and optimize Reinforcement Learning (RL) strategies and currently existing, internet-scale knowledge models with
HPC resources [66]. Here, LRMs are trained with RL where the policy and value functions will be the current
state-of-the-art LLMs [66].

DNNs training in either centralized or decentralized settings incurs significant compute cost, both for training
and inference serving. Companies like NVIDIA and AMD are aggressively competing in the chip manufacturing
space to build state-of-the-art accelerators, while companies like Meta, Google, Tesla and Microsoft are scaling to
build the next generation of supercomputers in the form of AI clusters. Despite the stock market crash in January
2025 [3] from DeepSeek’s release of a cohort of open-source LLMs and LRMs with significantly lower training
cost in terms of the $ amount, it is expected that cost of AI training and inference will rise significantly in coming
years. Ignoring these short-term fluctuations, the size, computational requirements, training cost (in terms of time,
money and energy) will rise in the long-term. Building efficient computational and communication strategies that
accelerate training and inference will be critical to develop scalable AI systems, and crucial for the future of AI in
general.
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