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Deep learning has made significant advancements across various fields, driven by increas-

ingly larger neural networks and massive datasets. However, these improvements come at the

cost of high computational demands, necessitating the use of thousands of GPUs operating in

parallel for extreme scale model training. At such scales, the overheads associated with inter-

GPU communication become a major bottleneck, severely limiting efficient hardware resource

utilization.

This dissertation addresses communication challenges in large-scale parallel training. It de-

velops hybrid parallel algorithms designed to reduce communication overhead, along with asyn-

chronous, message-driven communication methods that enable better overlap of computation and

communication. A performance modeling framework is presented to identify communication-

minimizing configurations for given workloads. Finally, scalable implementations of latency-

optimal collective communication are developed to support efficient training at scale. These

contributions improve the performance and scalability of distributed deep learning systems. By



tackling these critical communication challenges, this work contributes to more efficient deep

learning training at scale, enabling faster model convergence and better resource utilization across

large GPU clusters.
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Chapter 1: Introduction

The emphasis on training increasingly large neural networks has gained prominence in deep

learning research over recent years (see Figure 1.1). This trend arises from the consistent obser-

vation by practitioners that the generalization capability of neural networks improves reliably

with an increase in their sizes [11, 12]. Consequently, there has been a noticeable shift towards

the development of state-of-the-art AI algorithms relying on neural networks with hundreds of

billions of parameters as their foundation [1, 13].
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Figure 1.1: Increasing number of parameters in neural networks over the years.

However, this significant increase in the number of parameters is accompanied by an unin-

tended consequence: a substantial increase in the hardware resources required for training these

neural networks. The era of training large on a single GPU or even a single node comprising a few

GPUs is now a thing of the past. The extensive computational and memory requirements of the

training of these multi-billion-parameter models necessitates harnessing hundreds to thousands
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of GPUs in parallel.

The primary challenge in scaling parallel or distributed deep learning on multi-GPU su-

percomputers lies in the substantial communication overhead. While modern GPUs have signif-

icantly enhanced computational efficiency—leveraging specialized hardware like Tensor Cores

in NVIDIA GPUs—network bandwidth across nodes has not kept pace. As a result, large-scale

deep learning frameworks often suffer from inefficiencies due to the high cost of inter-GPU com-

munication.

These communication bottlenecks arise from three key factors. First, distributed deep

learning algorithms inherently involve large communication volumes, leading to substantial data

transfer overhead. Second, message-passing implementations are often inefficient, with minimal

or no overlap between communication and computation, further reducing hardware utilization.

Finally, collective communication primitives—critical for distributed training—frequently lack

scalability and fail to perform well in latency-sensitive scenarios, particularly when executed

across thousands of GPUs. These challenges significantly hinder the efficiency of parallel deep

learning frameworks at scale, making communication a major bottleneck in large-scale training.

In light of these challenges, the primary objective of this dissertation is to develop effi-

cient and highly scalable parallel frameworks for training large neural networks. Throughout

this dissertation, we investigate communication bottlenecks in various distributed deep learn-

ing algorithms and propose solutions to mitigate them. We start with a detailed analysis of the

point-to-point communication patterns in pipeline parallelism and suggest a two pronged strategy

to reduce these overheads - first, by developing a novel asynchronous message driven commu-

nication backend and second, by developing a highly efficient memory optimization strategy

that doubles up as a communication optimization. We then study communication bottlenecks in
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the context of multi-GPU training of sparse language models, and exploit their sparsity to op-

timize point-to-point and collective communication in hybrid parallel algorithms. Further, we

propose a four-dimensional hybrid parallel algorithm for deep learning, which integrates data

parallelism with a three-dimensional tensor parallel approach based on Agarwal’s parallel matrix

multiplication algorithm [7]. To efficiently identify communication-optimal configurations in the

aforementioned algorithm, this dissertation introduces a topology- and placement-aware analyt-

ical performance model that rapidly discovers communication-efficient configurations without

requiring exhaustive empirical searches across the massive parameter space. Additionally, this

dissertation presents highly optimized, latency-sensitive implementations of two critical collec-

tive communication operations – all-gather and reduce-scatter – both of which are widely used

in distributed deep learning. In latency-sensitive scenarios, such as those involving small mes-

sage sizes and/or large GPU counts, our implementations substantially outperform the current

state-of-the-art, paving the way for more scalable and efficient distributed training of large neural

networks.

1.1 Outline of Dissertation

The rest of the dissertation is organized as follows. Chapter 2 provides a survey of the

current state-of-the-art works in distributed deep learning. Chapters 3 and 4 deal with optimizing

point-to-point and collective communication in a hybrid data and pipeline parallelism frame-

work for training dense and sparse large language models, respectively. Chapter 5 presents a

four-dimensional hybrid parallel algorithm for deep learning, along with a performance model

to identify communication-minimizing configurations. We use AxoNN, the framework devel-
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oped in this chapter, to efficiently scale model training to thousands of GPUs on state-of-the-art

multi-GPU supercomputers. Chapter 6 presents a highly scalable implementations of two critical

collective operations in parallel deep learning - all-gathers and reduce-scatters. Finally, Chap-

ter 7 studies the optimization of all-to-all and all-reduce communication in large-scale training of

mixture-of-expert models.
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Chapter 2: Related Work

This chapter presents a survey of current state-of-the-art techniques in distributed deep

learning. It first discuss the three types of distributed deep learning algorithms - data, intra-layer

or tensor parallelism, and inter-layer or pipeline parallelism. Then it discusses relevant works in

the area of optimizing collective communication primitives for traditional HPC and distributed

deep learning.

2.1 Data Parallelism

Due to its inherent simiplicity, data parallelism has been the go-to algorithm for paralleliz-

ing neural network training. Let us now discuss the various setting in which data parallelism has

been studied.

2.1.1 Data Parallelism for Models that Fit on a Single GPU

When training models that fit on a single GPU with data parallelism, the bottleneck in

performance is singular - the synchronous all-reduce operation to gather the gradients across

all GPUs. This problem is further exacerbated by the increasing computational capabilities of

hardware accelerators, which causes a decrease in the computation to communication ratio.

Initial attempts to reduce the communication overhead targeted introducing asynchrony in
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the stochastic gradient descent (SGD) algorithm [14–16]. However, Chen et al. [17] demonstrate

that synchronous SGD variants converged faster to higher accuracies than their asynchronous

counterparts.

Efforts to minimize communication bottlenecks continued. Zhang et al. [18] devise a strat-

egy known as Wait-Free Backpropagation (WFBP) to interleave GPU and CPU computation and

communication. WFBP reduces bursts in network traffic and lowers overall network strain. Us-

ing WFBP, Zhang et al. achieve speed-ups in training times in 16 and 32 single-GPU machines.

WFBP has become the de-facto approach for data parallelism frameworks.

PyTorch DistributedDataParallel (DDP) [19], Horovod [20] and Livermore Big Artificial

Neural Network (LBANN) [21] toolkit are three open source frameworks designed to assist in

transitioning models into a distributed environment. Out of these frameworks PyTorch DDP has

been extremely popular among the deep learning community due to its seamless integration with

PyTorch [22]. Horovod is an implementation of WFBP for TensorFlow by Uber. LBANN accel-

erates parallelized deep learning by taking advantage of high performance computing hardware.

These implementations share an uncanny similarity in the way they optimize WFBP. Instead of

having an individual all-reduce call for each parameter tensor, they fuse parameter tensors into

fixed size bins. All reduce calls are made at the granularity of these fused parameter bins. This

increases network bandwidth utilization and thus the overall performance of these frameworks.

Although the fused tensor bin-size is kept as a tunable hyperparameter, Li et al. [19] demonstrate

that the default bucket size of PyTorch DDP i.e. 25MB is a reasonable choice for efficient scaling.
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2.1.2 Data Parallelism for Models that do not fit on a Single GPU

Given the abundance of large training datasets neural networks with increasingly larger

number of parameters have led to tremendous gains in performance on a variety of training tasks.

As models and datasets grow in size GPU memory capacity becomes a major bottleneck. Data

parallelism requires each GPU to store its own copy of the neural network. With larger models

and datasets the memory required to house the activations, gradients and parameters of these

neural networks often exceeds the capacity of a single GPU DRAM. Data parallelism is thus

rendered infeasible for training large models without memory optimizations.

Zero Redundancy Optimizer (ZeRO) [23] is a framework built over PyTorch to reduce per-

GPU memory consumption. The paper observes that most memory during training is occupied

by optimizer states, gradients, and parameters. ZeRO partitions these model states across GPUs

to remove memory redundancies. With ZeRO, memory reduction scales proportionally with the

number of GPUs while communication overhead only increases by a constant factor of 1.5x.

The paper finds improvements in model size, training performance, and scalability with 100

billion parameter models on up to 400 GPUs using the Adam optimizer [24] and mixed precision.

Researchers at Microsoft have used ZeRO to train one of the largest neural networks in language

modeling literature: a 17B parameter neural network called the Turing-NLG. Similar ideas to

ZeRO have been implemented natively in PyTorch under the Fully Sharded Data Parallelism

(FSDP) [25] framework. FSDP is a memory-efficient data parallelism framework that partitions

the model across GPUs and shards the optimizer states and gradients across the model partitions.

Out-of core training algorithms like NVIDIA’s vDNN [26] are often used to train neural

networks on a single GPU with insufficient DRAM capacity. These algorithms move data back
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and forth between the CPU and the GPU to free up space on the GPU. KARMA [27] is a frame-

work built over PyTorch that extends this out-of-core approach to data parallelism on multiple

GPUs. They design an efficient algorithm for automatic offloading and prefetching of activations

and parameters of the neural network to and from the CPU DRAM. These capabilities are fur-

ther extended to support multi-GPU models by performing weight updates on the CPU. KARMA

sees a 1.52x speed-up against other state-of-the-art out-of-core methods. It provides an efficient

way to utilize data parallelism for large models that would otherwise necessitate other frame-

works. Zero-Infinity [28] is another framework that provides support for out-of-core data parallel

training for multi-billion parameter models. Using their memory optimizations, The authors are

able to deploy a 32 trillion parameter model on as little as 512 GPUs while maintaining a decent

throughput of around 40% of the peak.

2.1.3 Designing ML Algorithms for Large Batch Training

One way to reduce the proportion of time spent in the all-reduce communication in data

parallelism is to simply train with larger batches. However, it has been empirically shown that

an extremely large effective mini-batch size has an adverse effect on the statistical efficiency of

neural network training [29]. To combat this, researchers have been striving to design modified

versions of standard optimizers for large batch training. Krizhevsky [30] proposes to scale LR

linearly with mini-batchsize. Problems emerge as more workers are added to accelerate training:

large LR values result in accuracy losses and training instability. Goyal et al. [29] propose a LR

warmup scheme to combat accuracy loss. Training begins with a lower LR that slowly builds up

to a target value following the linear scaling rule. The paper was able to train ResNet-50 with a
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mini-batch size of 8K and accuracy matching smaller mini-batch models.

You et al. [31, 32] devise Layer-wise Adaptive Rate Scaling (LARS) as an alternate ap-

proach to LR warmup. LARS adapts the global LR to create separate LRs per model layer based

on the ratio between layer weights and gradient updates. The paper observes this ratio varies

across layers and provides insight into the efficacy of a layer’s weight updates. You et al. utilize

LARS to train AlexNet and ResNet-50 with a mini-batch size of 32K without accuracy loss.

LARS experiences inconsistent performance gains across different deep learning tasks.

You et. al [33] propose a general strategy to adapt any iterative optimizer for large mini-batch

training. They apply this strategy to create LAMB using the Adam optimizer as a base. Us-

ing LAMB, You et al. scale BERT training to a mini-batch size of 32K without performance

degradation.

2.2 Intra-Layer or Tensor Parallelism

Tensor parallel algorithms work by parallelizing the computation of every constituent layer

of the neural network. Although neural networks are constructed using a plethora of layer types,

most frameworks for tensor parallelism focus on fully-connected (FC) or convolution layers.

This is because most of the other layer types like activation [34, 35] or norm functions [36–38]

are embarrassingly parallel in nature and thus trivial to parallelize. The most widely used tensor

parallel framework is Shoeybi et al.’s Megatron-LM [39]. In their work the authors propose an

algorithm to parallelize a pair of FC layers. They apply their technique to parallelize large GPT

style transformers efficiently within GPUs in a node. Along with a parallel framework, Megatron-

LM also open sourced extremely efficient sequential implementations of the transformer layers
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as well as data loaders. As a result, their framework has been widely used to train some of the

largest language models in existence like Megatron-Turing-NLG-530B [40], Bloom-175B [41],

and Turing-NLG [23]. However, their approach becomes inefficient for models that do not fit on

a single node [42]. As a result, a number of other works have proposed recently that attempt to

alleviate this issue. Qifan et al. propose a 2D tensor parallel algorithm for FC layers [43] based

on the SUMMA algorithm for distributed matrix multiplication. Similarly, Wang et al. propose a

2.5D parallel algorithm for FC layers [44]. Zhengda et al. introduce a 3D tensor parallel algorithm

based on Agarwal’s distributed matrix multiplication [7]. Jangda et al. develop high performance

GPU kernels that overlap computation with communication in Megatron-LM’s algorithm [45].

Dryden et al. propose channel and filter parallelism for convolution layers [46]. Wang et. al. pro-

pose using asynchronous sends instead of all-gather operations for a 2D tensor parallel scheme to

overlap communication and computation [47]. Merak [48] introduced an automated framework

for 3D parallelism (data + tensor + pipeline) based on graph partition and proxy model graph,

along with techniques to overlap communication with computation in pipeline and tensor par-

allelism. Li et. al. propose Oases that overlaps backward pass communication with activation

recomputation [49]. Wang et al. propose to chunk the input batch and overlap the communication

and computation of different chunks [50].

2.3 Inter-Layer or Pipeline Parallelism

True inter-layer parallelism can only be achieved by pipelining i.e. having multiple mini-

batches active in the system at any given instance. There are two ways to achieve pipelining:

with and without flushing. In this section, we discuss the pros and cons of both approaches. We
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also provide an overview of frameworks that implement these approaches.

2.3.1 Pipelining with Flushing

Pipelining with flushing divides a mini-batch into micro-batches of equal size. These

micro-batches are injected one by one into the system. GPUs accumulate gradients from all

the micro-batches in the system. A GPU updates its weights only after it has finished the back-

ward pass of the last micro-batch. The next mini-batch and its corresponding micro-batches are

injected after all the GPUs have finished updating their weights. This approach to pipelining is

also called micro-batching. The number of micro-batches is usually kept to be much larger than

the number of workers so that each worker can compute concurrently. Ensuring optimum hard-

ware utilization requires having a large mini-batch size. To maintain statistical efficiency at large

mini-batch sizes the same set of solutions discussed in Section 2.1.3 can be used. Worker GPUs

incur idle time between the forward pass of the last micro-batch and the backward pass of the

first micro-batch. These are called pipeline bubbles. They reduce the overall hardware utilization

of the system. A load balanced mapping of layers to GPUs is absolutely critical to maximize

performance. The load balancing algorithm must also be communication-aware. This is because

activations and gradients exchanged at GPU boundaries can be in the magnitudes of GBs for

large neural networks. An efficient implementation of pipelining with flushing must have load

balancing support.

This idea was first introduced by Huang et al. in GPipe [51]. Using GPipe they trained

a 557M parameter neural network - AmoebaNet-B [52] on the ImageNet [53] dataset and sur-

passed the state of the art in a number of downstream image classification tasks. TorchGPipe [54]
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is an unofficial open-source implementation of GPipe built on the PyTorch [22] backend. GEMS

(GPU-Enabled Memory Aware Model-Parallelism System) [55] introduces a novel approach to

increase hardware utilization. This framework proposes an algorithm to train two neural networks

concurrently using pipelining without flushing on multiple GPUs. They double the throughput

of the system by overlapping the forward and backward passes of the two neural networks. We

refer the reader to their paper for the details of their implementation. Recently ZeRO [23] and

Megatron [39] also extended support for this approach towards inter-layer parallelism. TorchG-

Pipe [54] provides a load balancing algorithm that seeks to balance the net execution time of the

forward and backward pass of a micro-batch on each GPU. However, their algorithm ignores the

communication overhead of exchanging tensors across GPU boundaries. Megatron divides the

layers of a transformer across GPUs, which is optimal because all the layers of a transformer

are identical. ZeRO also provides an identical strategy that divides the layers equally across

GPUs. Additionally, they also support a load balancing algorithm that equalizes GPU memory

consumption across GPUs. AxoNN [56] introduced a novel asynchronous communication back-

end for inter-layer parallelism. To the best of our knowledge this is the first work that utilizes

asychrony for increasing hardware utilization by opting for MPI instead of NCCL. They also

introduce a memory optimization algorithm that they use to decrease the pipeline depth, increase

data parallelism and outperform the state-of-art by 15%-25% on models with as many as 100

billion parameters.
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2.3.2 Pipelining without Flushing

In this approach the number of mini-batches active in the system is kept constant. As soon

as a mini-batch finishes its backward pass on the first GPU a new mini-batch is injected into the

system to maintain full pipeline occupancy. Unlike pipelining with flushing, weight updates on

a GPU take place as soon as it is done with the backward pass of a mini-batch. This method

of pipelining seeks to increase hardware utilization by removing flushing induced bubbles in the

pipeline. However, statistical efficiency of such a training algorithm reduces drastically. This

is due to a problem called weight staleness that occurs when newer mini-batches in a pipeline

encounter stale weights in forward passes which are yet to be updated with the backward pass

of older mini-batches. This is one of the major reasons why pipelining without flushing has not

seen widespread adoption. PipeDream [57] is a framework that implements pipelining without

flushing. It employs an algorithm called weight stashing to counter weight staleness. We refer the

reader to their paper for exact details of the implementation. Chen et al. [58] suggest predicting

future weights from stale weights using a variant of SGD with momentum [59]. PipeDream ad-

ditionally proposes a static load balancing algorithm that is communication aware. It instruments

each layer and uses the profiling data in its load balancer. Their framework also has an additional

provision to replicate compute-intensive layers across GPUs to increase their throughput. These

replicated layers synchronize their gradients via all-reduce after each backward pass.

2.4 Optimizing Collective Communication

Optimizing collective communication has been a long-standing challenge in high-performance

computing (HPC) and parallel computing and has been the focus on extensive research. Thakur
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et al.’s seminal work focuses on optimizing a plethora of collective operations including all-

gathers and reduce-scatters in MPICH [60]. The authors explore the design space of several

algorithms for each collective, and provide guidelines for selecting the most approporiate algo-

rithm for different scenarios. In contrast, our work focuses on large-scale deep learning work-

loads and with messages sizes in the tens to hundreds of megabytes. Patarsuk et al. propose

the bandwidth-optimized ring algorithm for all-reduce operations [61]. Graham et al. develop

optimize MPI collective to effectively exploit shared memory on multi-core systems. Chan et

al. [62] develop highly optimized collectives for the IBM Blue Gene/L, exploiting unique prop-

erties of the system [63]. Kandalla et al. develop a scalable multi-leader hierarchical algorithm

for all-gather [64]. Note that the focus of these works is on optimizing the performance of collec-

tive communication in traditional HPC workloads with small message sizes, and not on the large

message sizes inherent to deep learning.

De Sensi et al. study the performance of NCCL, RCCL and Cray-MPICH across various

state of the art supercomputers across a variety of latency and bandwidth bound scenarios [65].

Cho et al. propose a mutli-level hierarchical ring algorithm for all-reduce and study the tradeoff

of bandwidth and latency between the flat and hierarchical ring algorithms [66]. In this work,

we build on this and exploit more latency optimal algorithms like recursive doubling/halving

in the inter-node levels of the hierarchy and also demonstrate how this design can be utlized

to load-balance network traffic across NICs. Note that similar hierarchical designs have been

explored in other works as well [67, 68]. Cai et al. develop a systematic theoretical approach

to synthesize novel communication algorithms for optimizing collective communication on a

particular topology [69]. Cho et al. develop a strategy to maximize the overlap of a tree-based

all-reduce with the computation in neural network training [70]. There is also a body of work
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focused on exploiting data compression to minimize communication overheads in distributed

deep learning. For example, Feng et al. optimize all-to-all communication in recommendation

model training via a novel error-bounded compression algorithm [71]. Huang et al. develop

hZCCL, a communication library that enables collective operations on compressed data [72].

Zhou et al. develop a GPU-based compression scheme for all-gathers and reduce-scatters [73]

and optimize FSDP [25] training at scale.
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Chapter 3: An Asynchronous Message Driven Approach for Hybrid Pipeline

and Data Parallelism

This chapter presents prior work [56] focused on reducing communication overhead in

hybrid parallel training algorithms that combine data and pipeline parallelism. Specifically, it in-

troduces AxoNN, a framework that employs a novel asynchronous, message-driven algorithm to

optimize communication efficiency in pipeline parallelism. By leveraging this approach, AxoNN

aims to improve scalability and performance in large-scale training workloads.

3.1 Designing a Hybrid Pipeline and Data Parallel Deep Learning Framework

We now present the design of our new framework. AxoNN combines inter-layer parallelism

and data parallelism to scale parallel training to a large number of GPUs.

3.1.1 A hybrid approach to parallel training

The central idea behind AxoNN’s hybrid parallelization of neural networks is to create a

hierarchy of compute resources (GPUs) by dividing them into equally sized groups. Each group

of GPUs can be treated as a unit that has a full copy of the network similar to a single GPU in

the case of pure data parallelism. Each group works on different shards of a batch concurrently

to provide data parallelism. GPUs within each group are used to parallelize the computation
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associated with processing a batch shard using inter-layer parallelism. In the case of AxoNN, we

arrange GPUs in a virtual 2D grid topology as shown in Figure 3.1. GPUs in each row form a

group and are used to implement inter-layer parallelism within each group. The groups together

are used to provide data parallelism by processing different shards of a batch in parallel. We use

Gdata and Ginter to denote the number of data-parallel groups and the number of GPUs inside

each data-parallel group respectively.
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Figure 3.1: AxoNN uses hybrid parallelism that combines inter-layer and data parallelism. In
this example, we train a neural network on 12 GPUs in a 4 × 3 configuration (4-way inter-layer
parallelism and 3-way data parallelism). The blue and red arrows represent communication of
activations and gradients respectively. In inter-layer parallelism, these gradients are w.r.t. the
output activations, whereas in data parallelism, these gradients are w.r.t. the network parameters.

Algorithm 1 AxoNN’s hybrid training algorithm for GPU gi,j in a Ginter ×Gdata configuration
1: function TRAIN(neural network, dataset ...)
2: nn shard← instantiate neural network shard for gi,j

3: while training has not finished do
4: next batch← get next batch from dataset
5: batch shard← get batch shard for gi,j

6: DATA PARALLEL STEP(nn shard, batch shard ...)
7: run the optimizer
8: end while
9: end function

10:
11: function DATA PARALLEL STEP(nn shard, batch shard ...)
12: INTER LAYER PARALLEL STEP(nn shard, batch shard ...)
13: All-reduce on nn shard.∇θ⃗
14: end function

Algorithm 1 explains the working of AxoNN’s parallel algorithm from the point of view

of one of the GPUs gi,j in the 2D virtual grid. Training begins in the TRAIN function (line 1)

17



which takes a neural network specification and a training dataset as its arguments. For each GPU,

we first instantiate a neural network shard (contiguous subset of layers) that GPU gi,j will be

responsible for in the inter-layer phase (line 12). In the main training loop (lines 3-7), we divide

the input batch into Gdata shards (line 5) and run the data parallel step on the corresponding shard

of gi,j . The data parallel step first calls the inter-layer parallel step followed by an all-reduce on

the gradients of the network shard. In the optimizer phase, we run a standard optimizer used in

deep learning such as Adam [24]. Next, we provide details about the inter-layer and data-parallel

phases in AxoNN.

3.1.2 Data parallel phase

We outline AxoNN’s data parallel phase in Algorithm 1. The central idea of AxoNN’s data

parallelism is to divide the computation of a batch by breaking it into Gdata equal sized shards

and assigning each individual shard to a row of GPUs in Figure 3.1 (line 5). Each row of GPUs

then initiates the inter-layer parallel phase on their corresponding batch shards (line 12). On

completion of the inter-layer parallel phase, GPUs in a column of Figure 3.1 issue an all-reduce

on the gradients (∇θ⃗) of their network shards (line 13). This marks the completion of the data

parallel phase, after which we run the optimizer to update the weights (line 7).

3.1.3 Inter-layer parallel phase

The algorithm for the inter-layer parallel phase in AxoNN is described in Algorithm 2. We

first divide the batch shard into equal sized microbatches (line 2). The size of each microbatch

is a user-defined hyperparameter. We define the pipeline limit as the maximum number of mi-
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crobatches that can be active in the pipeline. To make sure computation can concurrently happen

on all GPUs we first inject pipeline limit number of microbatches into the pipeline (lines 4-6)

by scheduling their forward passes on each of the first GPUs in a row of Figure 3.1 (line 6). The

output of the forward pass is then communicated to the next GPU (line 7). We call lines 3-9 the

warmup phase. Once, the pipeline has been initialized with enough microbatches, we enter the

steady state of the computation (lines 11-31).

In the steady state, each GPU repeatedly receives messages (line 12) and starts the com-

putation for a forward or backward pass of the network shard depending on if the message is

received from a GPU before or after it in its row (lines 15 and 21). If the source is gi−1,j (line

13), a forward pass computation is done using the received message (line 14). We then send the

output of the forward pass to GPU gi+1,j (line 19) unless GPU gi,j is the last GPU in the pipeline

(line 15). If GPU gi,j is the last GPU in the pipeline, it initiates the backward pass. Similarly

if the source of the message is gi+1,j (line 21), the GPU starts the backward pass computation.

Once that is complete, we send the output to gi−1,j (line 28) if GPU gi,j is not the first GPU in

the pipeline. If it is the first GPU, we inject a new microbatch into the pipeline by initiating its

forward pass (lines 24-26). This ensures that the pipeline always has a steady number of mi-

crobatches equal to the pipeline limit in its steady state. This process repeats until all of the

messages for all microbatches of the batch shard have been received and processed (line 11).

19



Algorithm 2 AxoNN’s inter-layer parallelism for GPU gi,j in a Ginter ×Gdata configuration
1: function INTER LAYER PARALLEL STEP(nn shard, batch shard ...)
2: microbatches← divide batch shard into microbatches
3: if i = 0 then
4: for in pipeline limit do
5: next microbatch← microbatches.POP( )
6: output← nn shard.FORWARD(next microbatch)
7: SEND(output, gi+1,j)
8: end for
9: end if

10:
11: while messages to receive do
12: msg← RECEIVE( )
13: if msg.source = gi−1,j then
14: output← nn shard.FORWARD(msg)
15: if i = ninter − 1 then
16: output← nn shard.BACKWARD(1)
17: SEND(output, gi−1,j)
18: else
19: SEND(output, gi+1,j)
20: end if
21: else if msg.source = gi+1,j then
22: output← nn shard.BACKWARD(msg)
23: if i = 0 then
24: next microbatch← microbatches.POP( )
25: output← nn shard.FORWARD(next microbatch)
26: SEND(output, gi+1,j)
27: else
28: SEND(output, gi−1,j)
29: end if
30: end if
31: end while
32: end function

3.2 Implementation of AxoNN

In this section, we provide details of the implementation of AxoNN in Python using MPI,

NCCL [74], and PyTorch [22]. AxoNN is designed to be run on GPU-based clusters ranging

from a single node with multiple GPUs to a large number of multi-GPU nodes. Following the

MPI model, AxoNN launches one process to manage each GPU. Each process is responsible
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for scheduling communication and computation on its assigned GPU. We use PyTorch for im-

plementing and launching computational kernels on the GPU. AxoNN relies on mixed-precision

trainingfor improved hardware utilization [75].

GPUs consume data at a very high rate. As an example, the peak half-precision perfor-

mance of V100 GPUs on Summit is a staggering 125 Tflop/s. Ensuring that the GPUs constantly

have data to compute on requires designing an efficient inter-GPU communication backend, both

for inter-layer and data parallelism. We use NVIDIA’s GPUDirect technology, which removes

redundant copying of data to host memory and thus decreases the latency of inter-GPU commu-

nication. We use CUDA-aware MPI for point-to-point communication in the inter-layer parallel

phase. In the data parallel phase, we use NCCL for collective communication. We provide ex-

planations for our choices in the sections below.

3.2.1 Inter-layer parallel phase

We first fix the pipeline limit to Ginter for our implementation of inter-layer parallelism.

This ensures that all the GPUs in the pipeline can compute concurrently while placing a low

memory overhead for storing activations. When implementing the point-to-point sends and re-

ceives in Algorithm 1, we had a choice between CUDA-aware MPI and NVIDIA’s NCCL library,

both of which invoke GPUDirect for inter-GPU communication. We compared the performance

of the two libraries for point-to-point and collective operations on Summit using the OSU Micro-

benchmarks v5.8 [2].

Figure 3.2 compares the performance of MPI and NCCL for intra-node (GPUs on the same

node) and inter-node (GPUs on different nodes) point-to-point messages (the osu latency
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ping pong benchmark). Typical sizes of messages exchanged during point-to-point communi-

cation in deep learning workloads are in the range of 1–50 MB. In Figure 3.2, we see nearly

identical inter-node latencies. However, MPI clearly outperforms NCCL for intra-node commu-

nication. Further, NCCL point-to-point communication primitives block on the communicating

GPUs until a handshake is completed. MPI on the other hand allows the user to issue sends/re-

ceives without blocking other computation kernels on the GPU. We thus implement AxoNN’s

asynchronous point-to-point communication backend using MPI.
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Figure 3.2: Execution time for point-to-point messages (left) and all-reduce operations (right)
in MPI and NCCL on Summit using the OSU Micro-benchmarks v5.8 [2]. For point-to-point
messages, we use two GPUs on the same and different nodes for the intra- and inter-node experi-
ments respectively. For all-reduce operations, we use six and twelve GPUs for the intra-node and
inter-node experiments respectively.

We build our implementation of inter-layer parallelism on top of MPI4Py [76], a library

which provides Python bindings for the MPI standard. We use MPI Isend and MPI Irecv

to implement the SEND and RECEIVE methods mentioned in Algorithm 1. The MPI Irecv s

are issued preemptively at the beginning of a forward or backward pass to overlap the reception

of the next message with the computation and thus achieve asynchronous messaging. In lines

13 and 21 of Algorithm 2, we have already shown how AxoNN is designed to support message

driven scheduling for inter-layer parallelism. Combined with the asynchronous point-to-point
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communication backend discussed in this section, we are able to realize our goal of asynchronous

message driven scheduling for improving hardware utilization.

3.2.2 Data parallel phase

We again had a choice between MPI and NCCL for the all-reduce operation in the data-

parallel phase and we decided to make that choice based on empirical evidence. Figure ??

presents the performance of the all-reduce operation using MPI and NCCL. In this case, intra-

node refers to performing the collective over all six GPUs of a single node and inter-node refers

to performing it over 12 GPUs on two nodes. The results demonstrates the significantly better

performance of NCCL (dashed lines) over MPI for collective communication. This makes NCCL

the clear choice for AxoNN’s collective communication backend.

Our implementation of data parallelism uses NCCL for the all-reduce operation over half-

precision parameter gradients. We avoid using full-precision gradients to reduce communication

times. To prevent overflow in the all-reduce operation, we pre-divide the loss by the total number

of microbatches in the input batch. We use PyTorch’s torch.distributed API [19] for

making NCCL all-reduce function calls.

3.3 Memory and Performance Optimizations

In this section, we discuss optimizations that are critical to the memory utilization and

performance of AxoNN. We implement these optimizations on top of the basic version of our

framework discussed in Section 3.2. We verify their efficacy by conducting several experiments

on a 12 billion parameter transformer neural network [8] on 48 NVIDIA V100 GPUs. For all
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the experiments in this section, the batch size and sequence length are fixed at 2048 and 512

respectively, and we use mixed-precision training [75] with the Adam optimizer [24].

3.3.1 Memory optimizations for reducing activation memory

Gradient checkpointing reduces the amount of memory used to store activations by only

storing the output activations of a subset of layers during the forward pass [77] . For a neural

network with N layers (l1, l2, ..lN), this subset of layers is defined as Sckp = (lac, l2·ac, l3·ac....lN),

where ac is a tunable hyperparameter with the constraint that it should be a factor of N. Ac-

tivations for layers that are not checkpointed are regenerated during their backward pass. For

inter-layer parallelism, it can be shown that the maximum activation memory occupied per GPU

with ac as the gradient checkpointing hyperparameter is:

Mactivation ∝ Ginter ×
(

N

Ginter × ac

)
+ 1 + ac (3.1)

The value ac =
√
N leads to the lowest value of Mactivation. We thus set the value of ac

to the factor of N
Ginter

(the number of layers on each GPU) closest to
√
N . To the best of our

knowledge, our work is the first to derive an optimal value of this hyperparameter for inter-layer

parallelism. We implement gradient checkpointing using the torch.utils.checkpoint

API provided by PyTorch [22].
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3.3.2 Memory optimizations for reducing Ginter and improving performance of

the inter-layer parallel phase

Narayanan et al. show empirically that the performance of inter-layer parallelism deterio-

rates with increasing values of Ginter [42]. They attribute this to an increase in the idle time in the

warmup phase with increasing Ginter . Below, we show analytically that it is not only the warmup

phase, but the entire inter-layer parallel phase which suffers from inefficiency with increasing

Ginter by virtue of rising communication to computation ratios.

Lemma 3.3.1 Given a neural network, batch size, and number of GPUs, the total amount of

communication per GPU in the inter-layer parallel phase is proportional to Ginter .

Proof: The total amount of input data a GPU computes on reduces as the number of GPUs used

for data parallelism increases. Hence, the amount of data per GPU is inversely proportional to

Gdata given a fixed total number of GPUs that are split between data and inter-layer parallelism.

It also follows that the amount of data computed on per GPU is directly proportional to Ginter .

Assuming that the output activations of each layer of the neural network have the same size, the

amount of point-to-point communication per GPU only depends on the amount of input data it

consumes and not on the number of layers it houses. Thus the total amount of communication is

directly proportional to Ginter .

Lemma 3.3.2 Given a neural network, batch size, and number of GPUs, the total amount of

computation per GPU in the inter-layer parallel phase is independent of Ginter .

Proof: We have shown in Lemma 3.3.1 that the total amount of input data a GPU computes on is
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directly proportional to Ginter . Since layers are sharded evenly among the Ginter GPUs of a row

in Figure 3.1, the total amount of computation per instance of the input is inversely proportional

to Ginter . Thus the total amount of computation per GPU is independent of Ginter .

Theorem 3.3.3 Given a neural network, batch size, and number of GPUs, the ratio of the total

amount of computation to communication in the inter-layer parallel phase is inversely propor-

tional to Ginter .

Proof: Directly follows from Lemmas 3.3.1 and 3.3.2.

We thus expect the efficiency of inter-layer parallelism to decrease with increasing Ginter

due to an increase in the ratio of communication to computation. We empirically verify this

phenomenon by studying the effect of varying Ginter on performance. We gather the time spent

in the inter-layer parallel phase for processing a batch of input using our reference transformer

neural network for values of Ginter = [6, 12, 24, 48]. The corresponding value of Gdata is auto-

matically set to be 48
Ginter

. We fix the microbatch size and batch size to 1 and 2048 respectively.

We also remove the optimizer states so that we do not run out of memory for lower values of

Ginter . Figure 3.3 illustrates the results of our experiment. As expected, we observe significant

gains in performance with decreasing Ginter .

Theorem 3.3.3 thus provides a motivation to optimize the implementation by reducing the

number of GPUs used for inter-layer parallelism. However, a smaller value of Ginter requires the

entire network to fit on a smaller number of GPUs, which increases the number of parameters per

GPU. This increases the memory requirements per GPU. Lets say the number of parameters per

GPU is ϕ = |θ⃗| and we are using the Adam optimizer [24] which stores two state variables per

parameter. The memory required to store model parameters, gradients and the optimizer states
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Figure 3.3: Time spent in the inter-layer parallel phase for a single batch for different values of
Ginter when training a 12 billion parameter transformer model on 48 GPUs of Summit.

comes out to be 20ϕ (4ϕ bytes each for θ⃗ and ∇θ⃗, 2ϕ bytes each for θ⃗16 and ∇θ⃗16, and 8ϕ bytes

for ⃗sopt). Note that this analysis does not include memory required fori storing activations.

At Ginter = 6 on our reference transformer, this would amount to 40 GB memory per GPU

which is 2.5 times more than the 16 GB DRAM capacity of Summit’s V100 GPUs. To solve

this problem, we introduce a novel memory optimization algorithm that reduces the amount of

memory required to store the model parameters and optimizer states by five times.

Implementation: In our memory optimization, only the half precision model parameters (θ⃗16)

and gradients (∇θ⃗16) reside on the GPU. Everything else is either moved to the CPU ( ⃗sopt and θ⃗)

or deleted entirely (∇θ⃗) before the training begins. The training procedure requires ⃗sopt and θ⃗ on

the GPU in the optimizer phase. We save memory by not fetching the entire θ⃗ and ⃗sopt arrays to

the GPU, but only small equal sized chunks at a time. We call these chunks buckets and their size

as the bucket-size (bsize). After fetching a bucket of ⃗sopt and θ⃗, we run the optimizer step on this

data and offload it back to the CPU. GPU Memory is saved by reusing buffers across buckets.

The total memory footprint of the optimizer is only 16bsize now (4bsize and 8bsize for

the θ⃗ and ⃗sopt buckets respectively and another 4bsize for descaling the half precision gradients).
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With our memory optimizations, the total memory requirements to store model parameters and

optimizier states is now 4ϕ + 16bsize, down from 20ϕ. As bsize ≪ ϕ, this amounts to a 5×

saving in memory utilization. Since the activation memory is unaffected the total memory saved

should obviously be less than this number. With Ginter = 24, Gdata = 2, microbatch size 1 and

bsize = 16 million our total memory usage for the reference transformer reduces four fold in

practice - from 520 GB to 130.24 GB.

Next, we use our memory optimization algorithm with bsize = 16 million to reduce Ginter

from 24 to 6, and study the performance implications. We expect an increase in the time it

takes to complete the data parallel phase, because both the amount of data and number of GPUs

participating in the all-reduce increases four fold. Figure 3.4 compares AxoNN’s performance

with and without the memory optimizations. We notice an improvement of 13 percent in the

absolute batch timings. While the time for the data parallel phase increases from 0.62s to 4.32s,

the corresponding performance gain in the pipelining phase (46.08s v/s 34.05s) compensates for

this increase. We expect higher speedups for larger values of batch size, which are typical in large

scale model training.
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Figure 3.4: AxoNN’s performance for a single batch with and without our memory optimization
on a 12 billion parameter transformer on 48 GPUs
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3.3.3 Overlapping all-reduce & optimizer phases for performance

After optimizing the inter-layer parallel phase, we turned our attention to the less time

consuming all-reduce and optimizer phases. We observed that the all-reduce phase (in blue)

takes 2.5 times longer than the optimizer phase (in green) (right bar in the Figure 3.4 plot). We

hypothesize that by interleaving their executions, we could overlap data movement between the

CPU and the GPU in the optimizer phase with the expensive collective communication of the

data parallel phase. We explain our approach for enabling this overlap below.

Implementation: The main idea here is to issue the all-reduce call into smaller operations over

chunks of the half precision gradients (∇θ⃗16). For convenience, we keep the size of the chunk as

k×bsize, where we call k as the all-reduce coarsening factor. As soon as an all-reduce on a chunk

finishes, we enqueue the optimizer step for the corresponding k buckets and start the all-reduce of

the next chunk. The key to achieving overlap is to use separate CUDA streams for the optimizer

and the all-reduce. Figure 3.5 shows an Nvidia Nsight Sytems profile of our implementation.

 Data-parallel stream

Optimizer stream

Figure 3.5: An Nsight profile of AxoNN training a 12 billion parameter transformer model on 48
GPUs shows the interleaving of the all-reduce and optimizer phases for a single batch. The two
rows represent separate CUDA streams for the optimizer and all-reduce.

We study the variation of the time it takes to finish the combined data parallel and optimizer

phases with k in Figure 3.6. At k = 1, we observe high overheads due to too many all-reduce

calls. Infact, performance is even worse than the case where we had no overlap between the two

phases. We observe optimum behavior at two and four. Beyond that, we encounter increasing

latencies since increasing k makes the algorithm gravitate towards sequential behavior.
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Figure 3.6: Combined execution time of optimizer and all-reduce phases for a single batch versus
the coarsening factor, k, for the all-reduce.

12 B 
 (48 GPUs)

24 B 
 (96 GPUs)

50 B 
 (192 GPUs)

100 B 
 (384 GPUs)

Number of parameters

0
30
60
90

120
150
180
210
240
270
300
330

T
im

e 
(d

ay
s)

Expected Training Times - Weak Scaling

Megatron-LM

DeepSpeed

AxoNN

12 B 
 (48 GPUs)

24 B 
 (96 GPUs)

50 B 
 (192 GPUs)

100 B 
 (384 GPUs)

Number of parameters

0

20

40

60

80

100
Pe

rc
en

ta
ge

 o
f p

ea
k 

flo
p/

s 
(%

)

Percentage of Peak Throughput - Weak Scaling

Megatron-LM

DeepSpeed

AxoNN

Figure 3.7: Plots comparing the weak scaling performance of AxoNN with other frameworks:
expected training times (left) and % of peak GPU throughput (right).

3.4 Results

We now present the results of the experiments outlined in the previous section.

3.4.1 Training validation

It is critical to ensure that parallelizing the training process does not adversely impact its

convergence. Diverging training loss curves are a sign of undetected bugs in the implementation

or statistical inefficiency of the parallel algorithm. To validate the accuracy of our parallel im-
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Figure 3.8: Loss curves for training GPT-2 small on the wikitext-103 dataset. We run AxoNN on
12 GPUs (Ginter = 2) and PyTorch on a single GPU.

plementation, we train the 110 million parameter GPT-2 small to completion using PyTorch on a

single GPU and using AxoNN on 12 GPUs with Ginter = 2. Figure 7.7 shows the training loss

for PyTorch, and AxoNN and we can see that the loss curves are identical. This validates our

AxoNN implementation.

3.4.2 Weak scaling performance

To be fair to each framework, we tune various hyperparameters for each framework on

each GPU count and use the best values for reporting performance results. Table 3.1 lists the

optimal hyperparameters we obtain in our tuning experiments for each framework in the weak

scaling experiment. Across all model sizes, AxoNN uses four to eight times the number of

GPUs for data parallelism as compared to Megatron-LM. This number is identical for AxoNN

and DeepSpeed for the 12 billion and 24 billion parameter models but for the larger 50 and 100

billion parameter models, AxoNN uses twice as many GPUs for data parallelism as DeepSpeed.

Since data parallelism is embarrassingly parallel, this ends up substantially improving AxoNN’s

performance.
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Table 3.1: Optimal hyperparameter values obtained from tuning experiments for the weak scaling
studies.

No. of
Params.
(billions)

Framework
Micro
Batch
Size

Gintra Ginter Gdata

12
AxoNN 8 - 6 8
DeepSpeed 2 3 2 8
Megatron-LM 8 3 16 1

24
AxoNN 4 - 12 8
DeepSpeed 2 3 4 8
Megatron-LM 1 3 16 2

50
AxoNN 4 - 24 8
DeepSpeed 1 3 16 4
Megatron-LM 8 6 32 1

100
AxoNN 2 - 48 8
DeepSpeed 1 3 32 4
Megatron-LM 4 12 32 1

Figure 3.7 (left) presents a performance comparison of the three frameworks in the weak

scaling experiment. When compared with the next best framework - DeepSpeed, AxoNN de-

creases the estimated training time by over a month for the 12, 24 and 50 billion parameter models

and 22 days for the 100 billion parameter model. For the 100 billion parameter model, AxoNN

is faster than DeepSpeed by 1.18× and Megatron-LM by 2.46×! This is significant for deep

learning research as it allows us to train larger models faster. Even at identical values of Gdata

for the 12 and 24 billion parameter models, AxoNN surpasses DeepSpeed because of our asyn-

chronous, message-driven implementation of inter-layer parallelism. These results suggest that

AxoNN could scale to training trillion parameter neural networks on thousands of GPUs in the

future. AxoNN also delivers an impressive 49-54% of peak half precision throughput on Summit

GPUs, outperforming DeepSpeed (39-42%) and Megatron-LM (21-41%) (see Figure 3.7, right).
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Chapter 4: Exploiting Sparsity in Pruned Neural Networks to Optimize Large

Model Training

Deep learning researchers have developed a variety of pruning algorithms capable of re-

moving (i.e., setting to zero) 80–90% of a neural network’s parameters, yielding sparse subnet-

works that match the accuracy of their unpruned counterparts. In theory, these sparse subnetworks

require significantly fewer floating point operations compared to dense networks. Several sparse

matrix multiplication kernels for GPUs have been designed to optimize performance based on the

specific sparsity patterns of these subnetworks [3,78,79]. However, despite these advancements,

existing sparse implementations remain significantly slower than cuBLAS, a widely used library

for dense matrix multiplications on NVIDIA GPUs, which underpins deep learning frameworks

such as PyTorch and TensorFlow.

Figure 4.1 demonstrates that computing a fully connected layer with 90% sparsity using

cuBLAS—where zeros are explicitly retained in the dense matrix representation—is 6–22× faster

than Sputnik [3], a state-of-the-art sparse matrix multiplication library for deep learning work-

loads. This finding suggests that leveraging sparse matrix libraries for improving training perfor-

mance remains impractical in their current form.

This chapter explores a novel approach [80] that exploits sparse subnetworks to optimize

memory utilization and communication in two widely used parallel deep learning algorithms:
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Figure 4.1: Comparison of the execution times of a fully connected (FC) layer with a randomly
generated, 90% sparse, square weight matrix in mixed precision. FC layers compute a linear
transformation of their input and are a critical component of various neural network architectures,
such as transformers [1]. For dense GPU kernels, NVIDIA’s cuBLAS is used, while for sparse
GPU kernels, NVIDIA’s cuSPARSE and Sputnik [3] are employed. The input batch size is fixed
at 576, and the size of the weight matrix is varied from 1282 to 40962.

data parallelism and inter-layer parallelism. This approach is integrated into AxoNN, the frame-

work introduced in [56] and discussed in Chapter 3.

4.1 Sparsity-aware Memory Optimization

In this section, we discuss our approach to exploit sparse networks generated by pruning

methods to significantly reduce the memory consumption of large model training. We refer to our

approach as Sparsity-aware Memory Optimization (SAMO). We discuss SAMO in the context of

mixed-precision training [75], which is the predominant mode used for the training of large multi

billion-parameter models [23, 40, 41]. However, the optimizations discussed below are general

and can also be applied to single-precision training.

Mixed-precision training involves storing the model parameters and gradients in both 16-

bit (half-precision) and 32-bit (single-precision), and the optimizer states in 32-bit. The expen-

sive forward and the backward pass are computed in 16-bit for efficiency, whereas the relatively
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cheaper optimizer step is done in 32-bit for accuracy. For more details, we refer the reader to

Micikevicius et al. [75].

Model parameters, gradients and optimizer states are collectively referred to as the model

state [23]. While mixed-precision is compute efficient, storing parameters and gradients in

two precisions results in significantly high memory consumption [23] (25% more than single-

precision training). For example, in the case of the widely used GPT-3 [1], this adds up to a

significant 3.5 TB. For comparison, the DRAM capacity of a single V100 GPU on Summit is a

mere 16GB.

Before discussing the details of our approach, we define certain variables as follows:

• θ16 and θ32 – Network parameters in 16- and 32-bit representation respectively

• ∇θ16 and ∇θ32 – Network gradients in 16- and 32-bit representation respectively

• os – 32-bit optimizer states for the network

• ind =
⋃
i

indi – output of a parameter pruning algorithm, where indi stores the indices of

the unpruned (non-zero) parameters for the ith layer.

Now, we present how SAMO can help us in significantly reducing the model state memory

requirements. Note that SAMO can be applied only after a neural network has been sparsified

using a pruning algorithm.

4.1.1 Performance-preserving model state compression

We have already seen in Figure 4.1 that computing the forward and backward passes with

compressed sparse parameter tensors on GPUs is not a feasible approach. Thus, a memory op-
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timization that tries to compress model states will be efficient only if it is able to utilize dense

computation kernels on the GPU. Two important observations about the training process drive

the design of our memory optimizations. First, most of the compute in neural network training

happens in the forward and the backward pass. Second, out of the various model state tensors dis-

cussed previously, the forward and backward passes exclusively use θ16 for computation. Thus,

we do not compress θ16. This allows us to directly invoke dense computation kernels on GPUs.

For saving memory, we compress the other model states i.e., θ32, ∇θ16, ∇θ32, and os, which

together still comprise 90% of the model state memory, even without θ16! By keeping θ16 in

an uncompressed format, we thus tradeoff a small proportion of the maximum possible memory

savings to gain efficiency in compute.

4.1.2 Implementation of compressed storage

To compress a model state, we convert it to a sparse coordinate (COO) format using the

indices of the unpruned parameters (i.e. ind) output by the pruning algorithm. However, being

32-bit (32-bit is sufficient for storing the indices of even the largest models in existence) integers,

ind occupies a non-trivial amount of GPU memory. We tackle this issue in two ways. First, we

note that all of the model state tensors have zeros at the same indices. Therefore, in our storage

scheme, the various COO tensors (i.e. θ32, ∇θ16, ∇θ32, and os) share a common index tensor of

non-zero values. Secondly, we convert the index tensors of any layer to those of a hypothetical

one-dimensional view. As an example, say the non-zero indices for a 2 × 2 state tensor are

[(0, 0), (1, 1)]. In a one dimensional view of the same state tensor (i.e. 4×1), the non-zero values

are at indices 0 and 3. Thus, we can save memory by storing only 2 integers (i.e. [0, 3]), without
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any loss of information. In general, for an N-dimensional state tensor, this saves us N× memory.

Having discussed how the various model states are stored by SAMO to optimize for memory, let

us now look at how we compute a batch of data with this storage schema.

4.1.3 Training with SAMO

The computation of a batch in neural network training can be divided into three phases

- the forward pass, the backward pass and the optimizer step. The forward pass computes the

batch loss, the backward pass computes the gradients of the parameters w.r.t. the batch loss, and

the optimizer step updates the parameters. Let us now look at how these phases are computed

efficiently using SAMO.

Forward Pass: The forward pass of a neural network is done using the half-precision parameters,

θ16. As discussed in Section 4.1.1, we store θ16 in an uncompressed format with zeros explicitly

filled in for pruned parameters. This allows us to exploit efficient dense computation kernels

for GPUs, like those available in cuBLAS and cuDNN. Thus, the forward pass with SAMO is

exactly the same as that in normal mixed precision training without SAMO.

Backward Pass: The backward pass also uses θ16 to compute the batch gradients. Therefore,

just like the forward pass, we are able to directly invoke efficient dense computation kernels.

However, in Section 4.1.1, we discussed that we store the half-precision gradients in a compressed

state i.e. only for the unpruned parameters. Thus, we modify the backward pass to compress the

gradients as soon as they are produced for any layer. We do this at the granularity of a layer, and

not the entire model, so that we never have to store the uncompressed gradients for the entire

model on the GPU memory.
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Optimizer Step: In mixed precision training, the optimizer step consists of three element wise

operations. The first step involves upscaling ∇θ16 to ∇θ32. The second step is running the

optimizer using the upscaled gradients ∇θ32 and the optimizer states, os to update the 32-bit

parameters, θ32. The final step is to downscale θ32 to θ16. Let us now see how these three steps

are done with SAMO.

We do the first step of upscaling∇θ16 to∇θ32 directly on the compressed tensors itself (as

the values for the pruned parameters are always zero) using dense computation kernels. Again

due to the same reason, the second step of running the optimizer can be directly computed on

the compressed state tensors using dense kernels. This yields the updated parameters in 32-bit

i.e., θ32. The final step of downcasting θ32 to θ16 is not straightforward because these tensors are

in a compressed and uncompressed state respectively. To solve this, we first define a new op-

eration,“expansion”, as the inverse operation of compression. Essentially, it takes a compressed

tensor and the indices of the non-zero parameters to output the uncompressed version. Now, we

do the parameter down-casting in three steps. First, we delete the now old uncompressed θ16

from the GPU memory. Then we make a copy of θ32 in 16-bit. Note that this is essentially the

compressed version of our 16-bit parameters. Finally, we “expand” this copy using ind to obtain

the updated θ16. Thus, the only modification to the optimizer step is an “expand” operation in the

down-casting step.

4.1.4 Analytical model of memory savings

In this section, we derive the memory savings as a result of storing model states with

SAMO. We assume that the optimizer of choice is Adam [24], which is the go-to optimizer in
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deep learning for large model training. Adam stores two optimizer states per parameter. However,

SAMO can be easily extended to work with other optimizers as well.

First let us derive the model state memory consumption without pruning. Let ϕ be the

total number of parameters in the neural network before pruning. Now, θ16 and ∇θ16 take up 2ϕ

bytes each, whereas θ32 and ∇θ32 take up 4ϕ bytes each. Finally, os, which are stored in single

precision take up 8ϕ bytes. This adds up to a total of 20ϕ bytes (2+2+4+4+8). Let us call this

quantity Mdefault.

Now, let us assume that we are uniformly pruning p fraction of the parameters before

applying SAMO. This leaves us with (1 − p)ϕ unpruned parameters. Let f = 1 − p. We first

calculate the memory required to store the compressed model states i.e. all model states except

θ16. For each of these tensors, we only need to maintain data for fϕ parameters. This adds upto

18fϕ bytes ( 2fϕ bytes for ∇θ16, 4fϕ each for θ32 and ∇θ32, and another 8fϕ for os ). We also

maintain a non-zero index per unpruned parameter. In our storage scheme, each non-zero index

is a 32-bit integer. This requires another 4fϕ bytes. Storing the uncompressed θ16 state tensor

adds a further 2ϕ bytes. Note that our optimizer step creates a temporary compressed copy of the

half precision parameters at the end of the optimizer step (See Section 4.1.3). This adds another

2fϕ bytes. Adding everything together, the total memory consumption of model state storage in
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bytes is :

MSAMO = 18fϕ+ 4fϕ+ 2ϕ+ 2fϕ (4.1)

= 24fϕ+ 2ϕ (4.2)

= 24(1− p)ϕ+ 2ϕ (4.3)

= 20ϕ− (24p− 6)ϕ (4.4)

= Mdefault − (24p− 6)ϕ (4.5)

In other words, the absolute amount of memory savings that SAMO provides is (24p − 6)ϕ

bytes, where p is the fraction of parameters that have been pruned and ϕ is the total number

of parameters before pruning. In Figure 4.2, we plot the percentage memory saved by SAMO

as compared to default mixed-precision training. We observe that, SAMO requires a minimum

sparsity of 0.25 to break even in terms of memory consumption. However, given that most DL

pruning algorithms can comfortably prune 80-90% of the parameters, this is not an issue. In this

range of sparsities, we observe that our method saves a significant 66-78% of memory required

to store model states!

4.2 Exploiting SAMO for Improving Parallel Training Performance

When computing on a single GPU, SAMO simply reduces memory consumption with some

overheads in the backward pass (compression of gradients) and the optimizer step (expansion of

parameters). Hence, when training on a single GPU, SAMO does not lead to any performance

improvements. This is because the total number of floating point operations in the forward and
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Figure 4.2: Percentage memory saved by SAMO as compared to default mixed-precision train-
ing. Sparsity here refers to the proportion of parameters that have been pruned. SAMO can save
around 66-78% memory in a range of 0.8-0.9 sparsity, which is typical for most pruning algo-
rithms in deep learning.

backward pass is unchanged (since we still compute in dense). In this section, we discuss how

parameter pruning and SAMO can be used to optimize the performance of multi-GPU training.

The main performance bottleneck in parallel neural network training is communication.

GPUs perform computation on data at a much faster rate than that of data communication be-

tween them on modern HPC interconnects. This problem is only exacerbated when training

larger models, which require a correspondingly larger number of GPUs on a cluster. Thus, de-

signing algorithms that can decrease the amount of communication can greatly benefit parallel

deep learning. We now discuss how the application of SAMO on a pruned neural network can

reduce communication in parallel training. We use AxoNN [56] (discussed in Chapter 3), which

implements a hybrid of inter-layer parallelism (point-to-point communication) and data paral-

lelism (collective communication), to demonstrate the efficacy of our optimizations.
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4.2.1 Optimizing collective communication in data parallelism

First, let us see how our optimizations can decrease the overhead of collective commu-

nication in the data parallel phase. After the end of the forward and backward pass, AxoNN

synchronizes the local gradients of each GPU via an all-reduce. In Section 4.1.1, we showed how

SAMO stores the 16-bit gradients in a compressed format i.e. only for the unpruned parameters.

This allows us to reduce the size of collective communication messages by directly invoking

AxoNN’s all-reduce calls on the compressed tensor. This leads to a significant reduction in the

collective communication time.

4.2.2 Optimizing point-to-point communication in inter-layer parallelism

AxoNN implements a hybrid of inter-layer and data parallelism by dividing the work

among Ginter × Gdata GPUs. When SAMO is used to reduce the memory required for train-

ing a neural network, we can reduce the number of GPUs required to deploy a single instance of

the neural network i.e. decrease Ginter. This can allow us to use more GPUs for data parallelism,

and increase Gdata. A reduced Ginter has the effect of decreasing the time spent in point-to-point

communication thereby increasing the efficiency of inter-layer parallelism. We now provide a

proof for this claim. We use the following notations:

• B - Batch size

• mbs - The size of each microbatch

• G - Number of GPUs

• tf - Time spent in computation on a microbatch of size mbs during the forward pass through

42



the entire model

• tb - Time spent in computation on a microbatch of size mbs during the backward pass

through the entire model

Note that tf and tb do not take the point-to-point communication cost into account. They just

denote the compute time for the forward and backward pass across all the layers.

The time spent in point-to-point communication can be divided into two parts: the bubble

time and the transmission time. A GPU experiences a pipeline bubble when there aren’t enough

microbatches in the pipeline to keep all of the GPUs busy. As shown in Figure 4.3, different GPUs

experience pipeline bubbles at different points in time. But a common theme is that pipeline

bubbles occur towards the beginning and end of the computation of a batch. We define the

transmission time as the total time spent in sending messages in the pipeline.
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Figure 4.3: Illustration of how a batch is computed in inter-layer parallelism on three GPUs
(Ginter = 3). In this example, we have divided the input batch into 5 microbatches (numbered 0
to 4). The red and blue colors denote forward and backward passes of microbatches respectively.
We assume that the forward pass takes one unit of time and the backward pass takes two units of
time. We observe that on each GPU, the pipeline bubble time accounts for 6 units, which equals
the time to do Ginter − 1 = 2 forward passes and Ginter − 1 = 2 backward passes.

Let tbubble and tsend denote the bubble time and transmission time respectively. Narayanan

et al. [42] show that tbubble equals the time it takes to complete forward and backward passes for

Ginter − 1 microbatches on any GPU. We can also see this in Figure 4.3, wherein we observe
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that the bubble time for a pipeline with Ginter = 3 equals the time to do two forward and two

backward passes. Assuming uniform distribution of compute, the time to complete the forward

and backward pass of a microbatch on a single GPU is tf+tb
Ginter

.

Thus, the bubble time can be calculated as,

tbubble = (Ginter − 1)× (
tf + tb
Ginter

) (4.6)

= (tf + tb)× (1− 1

Ginter

) (4.7)

Now, taking the derivative of tbubble with Ginter, we can show that the pipeline bubble time

is a monotonically increasing function of Ginter:

∂tbubble
∂Ginter

=
tf + tb
G2

inter

> 0 (4.8)

Since SAMO can help in decreasing Ginter via its memory savings, we can conclude that it

can be used to optimize the pipeline bubble time. Note that in Equation 4.8, we observe that the

gradient w.r.t. Ginter is inversely proportional to its square. Thus, with a progressive increase in

model size (which entails a corresponding increase in Ginter), we expect diminishing returns in

the bubble time improvement.

The transmission time tsend is proportional to the number of messages sent and received by

each GPU. Each GPU sends and receives four messages per microbatch, two each in the forward

and backward passes. Let us now derive the total number of microbatches each GPU computes

on. First, AxoNN divides the input batch into Gdata shards, one for each inter-layer parallel

group. Next, each inter-layer parallel group breaks this batch shard into microbatches of size
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mbs. These microbatches are processed by every GPU in the inter-layer parallel group. Thus the

total number of microbatches computed upon by every GPU is B
Gdata×mbs

. Thus, we can express

tsend as,

tsend ∝ 4× B

mbs×Gdata

(4.9)

∝ 4× B

mbs
× Ginter

G
(∵ Ginter ×Gdata = G) (4.10)

Taking the derivative of Equation 4.10 w.r.t. Ginter shows that tsend is a monotonically

increasing function of Ginter:

∂tsend
∂Ginter

∝ B

mbs×G
> 0 (4.11)

Hence, we can see that using SAMO to decrease Ginter can also help us decrease the trans-

mission time for point-to-point communication in inter-layer parallelism. Thus, we have shown

how the memory optimizations in SAMO can be exploited to reduce the collective communi-

cation pertaining to data parallelism and point-to-point communication pertaining to inter-layer

parallelism respectively. Later, in Section 4.3, we provide performance profiles that demonstrate

reduction in communication times as empirical evidence for the claims we have made in this

section.

4.3 Results

Table 4.1 lists the neural networks used in this study.
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Table 4.1: List of neural networks used in this study. For each model, we list the minimum
and maximum number of GPUs used in our strong scaling runs. We choose the minimum and
maximum GPU counts such that the ratio of batch size to number of GPUs is 4 and 1 respectively.

Neural Network # Parameters Batch Size No. of GPUs

WideResnet-101 [81] 126.89M 128 16–128
VGG-19 [82] 143.67M 128 16–128
GPT-3 XL [1] 1.3B 512 64–512
GPT-3 2.7B [1] 2.7B 512 64–512
GPT-3 6.7B [1] 6.7B 1024 128–1024
GPT-3 13B [1] 13B 2048 256–2048
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Figure 4.4: Validation perplexities for GPT-3 XL (left) and GPT-3 2.7B (right) on 64 and 128
GPUs of Summit respectively. For AxoNN +SAMO, we prune both models to a sparsity of 90%
using [4]. We use the same hyperparameters as Brown et al. [1] and train on the Wikitext-103 [5]
and BookCorpus datasets [6].

4.3.1 Statistical efficiency

We verify the statistical efficiency of AxoNN +SAMO by training GPT-3 XL [1] and GPT-

3 2.7B [1] to completion at a sparsity of 90%. We use You et al.’s algorithm [4] to prune a neural

network for AxoNN +SAMO. Figure 7.7 illustrates the results of this experiment. We observe

that (1) the final validation perplexities for the pruned networks trained with AxoNN +SAMO

match those of the unpruned network trained with AxoNN and (2) both AxoNN and AxoNN

+SAMO reach the final validation perplexities in similar number of iterations. This verifies the

46



correctness of our implementation.

4.3.2 Strong scaling performance
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Figure 4.5: Time per iteration (batch time) for a strong scaling study of WideResnet-101 (left)
and VGG-19 (right) on Summit. We prune the models to a sparsity of 90% for AxoNN +SAMO
(see Table 4.1 for batch sizes). We annotate AxoNN +SAMO’s line with its percentage speedup
over AxoNN.
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Figure 4.6: Time per iteration (batch time) for a strong scaling study of GPT-3 XL (left) and GPT-
3 2.7B (right) on Summit. We prune the models to a sparsity of 90% for AxoNN +SAMO and
Sputnik (see Table 4.1 for batch sizes). We annotate AxoNN +SAMO’s line with its percentage
speedup over AxoNN.

Next, we illustrate the results of our strong scaling experiments on WideResnet-101 and

VGG-19 in Figure 4.5, GPT-3 XL and GPT-3 2.7B in Figure 4.6, and on GPT-3 6.7B and GPT-3
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Figure 4.7: Time per iteration (batch time) for a strong scaling study of GPT-3 6.7B (left) and
GPT-3 13B (right) on Summit. We prune the models to a sparsity of 90% for AxoNN +SAMO and
Sputnik (see Table 4.1 for batch sizes). We annotate AxoNN +SAMO’s line with its percentage
speedup over AxoNN.

13B in Figure 4.7. The CNNs used in this study are nearly 10–100× smaller than the GPT-

3 based models (see Table 4.1). Hence, all of AxoNN, DeepSpeed-3D and AxoNN +SAMO

are able to run these architectures in a pure data parallel configuration, with a full copy of the

network on each GPU. Thus the only communication here is the all-reduce on the network gra-

dients. We illustrate these results in Figure 4.5. We observe similar batch times for both AxoNN

and DeepSpeed-3D. This is explained by the fact that both these frameworks have very similar

NCCL-based implementations of data parallelism. Our approach yields speedups of 7–12% over

WideResnet-101 and 18–44% over VGG-19. While both these speedups are significant, SAMO

seems to benefit the latter architecture more than the former. This is because the WideResnet-101

architecture spends nearly 1.5× more time in the computation phase as compared to VGG-19.

Also, both these models have similar number of parameters and thus similar communication costs

in the data-parallel all-reduce. Thus the proportion of the batch time spent by the WideResnet-101

architecture in communication is significantly smaller than VGG-19. Since our approach opti-

mizes communication, the benefits for WideResnet-101 are smaller than that of VGG-19. Note
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that we do not run Sputnik for the CNNs as the library does not support sparse convolutions.

Let us now discuss the much larger GPT-3 based neural networks. These networks are too

large to fit on a single GPU and are thus trained using hybrid parallelism. First, we observe that

the performance of the sparse matrix computation library, Sputnik is significantly worse than both

of our dense baselines – AxoNN and DeepSpeed-3D, as well as AxoNN +SAMO (Figures 4.6

and 4.7). This is in spite of the fact that the number of floating point operations computed by

Sputnik is 10% of the other methods. This is in agreement with our observations in Figure 4.1

for fully connected layers on a single GPU. Thus, AxoNN +SAMO ends up being nearly twice as

fast as Sputnik across all the GPT-3 style neural networks. It is evident from Figures 4.6 and 4.7

that augmenting AxoNN with our optimizations significantly improves its performance at scale.

Our method speeds up the training of GPT-3 XL by 10–47%, GPT-3 2.7B by 10–24%, GPT-3

6.7B by 11–23% and GPT-3 13B by 19–26%. The speedups over DeepSpeed-3D are larger –

19–51%, 17–33%, 12–38% and 16.4–34% respectively for the four models.

We also present the percentage of peak half precision throughputs obtained for GPT-3 13B

in Table 4.2. We observe a significant reduction in the GPU utilization with increasing GPU

counts for DeepSpeed-3D and AxoNN. This is a consequence of increasing communication to

computation ratios. For both frameworks, the peak half precision throughput drops to around

20% at the largest profiled GPU counts. However, with AxoNN +SAMO, we observe a smaller

reduction in hardware utilization, with a peak throughput of around 30% for the largest GPU

count. This serves as empirical evidence of the fact that our optimizations indeed decrease the

amount of communication in parallel training.

Since our optimizations are geared toward reducing the communication costs of training,

we expect larger improvements over AxoNN as the number of GPUs increase. Again, this is

49



Table 4.2: Percentage of peak half precision throughput for a strong scaling study of GPT-3 13B
on Summit (see Table 4.1 for batch sizes). We prune the models to a sparsity of 90% for AxoNN
+SAMO and Sputnik.

# GPUs Sputnik DeepSpeed-3D AxoNN AxoNN+SAMO

256 18.9 44.6 43.3 53.4
512 18.5 39.9 39.7 48.8
1024 16.8 30.1 32.2 41.1
2048 12.2 20.6 22.9 31.0

because a larger proportion of time is spent in communication as we increase the scale of training.

We find our observations in Figures 4.6 and 4.7 to be in agreement with this hypothesis. We

indeed observe the largest speedups for the largest GPU counts, which are 47% and 34% for

GPT-3 XL and GPT-3 2.7B on 512 GPUs, 23% for GPT-3 6.7B on 1024 GPUs, and 26% for

GPT-3 13B on 2048 GPUs.

4.3.3 Performance Breakdowns

To verify that the speedups over AxoNN are indeed due to reduction in communication

times, we profile the GPT-3 2.7B model on 128, 256 and 512 GPUs and provide breakdowns of

the batch times in Figure 4.8. We divide the batch time into its non-overlapping phases, namely

the compute (forward and backward pass), point-to-point communication, pipeline bubble (due

to inter-layer parallelism), and collective communication (due to data parallelism). We use the

CUDA Event API to profile the time spent in each of these phases.

At 128 GPUs, we observe that training is dominated by the point-to-point communication

time. However as the number of GPUs increase, the proportion of time spent in the point-to-point

communication also decreases. Note that this is in line with Equation 4.10, wherein we showed

that the messaging time is inversely proportional to the number of GPUs.
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Figure 4.8: Breakdown of batch time for GPT-3 2.7B on Summit. We divide the batch time into
its non-overlapping phases – computation, point-to-point communication, pipeline bubble (due
to inter-layer parallelism), and collective communication (due to data parallelism). We use the
CUDA Event API to profile the cumulative time spent in each of these phases.

We observe that the primary reason for AxoNN +SAMO’s improvement over AxoNN on

128 GPUs is due to a speedup in the point-to-point communication times. The absolute reduction

in this time is 18% of AxoNN’s batch time. The improvements in the collective and pipeline

bubble times account for 6% and 9% of AxoNN’s batch time. Thus for smaller GPU counts,

we conclude that AxoNN +SAMO provides speedups primarily because of the improvements in

the point-to-point communication times. The difference in the compute times is the overhead of

compressing the parameter gradients at every backward pass (See Section 4.1.3). The overhead

accounts for 12% of AxoNN’s batch time and is significantly overcome by the 33% (18+6+9)

improvement in the total communication time. We think that these overheads can be reduced

by kernel level optimizations such as fusing the compression operation with the backward pass

kernels. However, this is out of the scope of our current work.

At 256 GPUs, the point-to-point communication time is still dominant but not as much as

128 GPUs. In this case, the improvement in the point-to-point communication time accounts for a

16.17% of AxoNN’s batch time. As compared to 128 GPUs, the improvements in the bubble and
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collective communication times account for a significantly larger proportion of AxoNN’s batch

time - 13.17% and 11.08%. The overhead in this case is 10.18% of the total batch time.

At 512 GPUs, we notice a very minor reduction in the point-to-point communication time.

The reduction in the bubble and collective communication time account for 15% and 21% of Ax-

oNN’s batch time respectively. The reduction in the point-to-point communication only improves

the batch times by 4%. In this case, the overhead of compressing gradients is 8% of AxoNN’s

batch time, which is again overcome by 40% (15+21+4) improvement in the total communication

times.
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Chapter 5: A 4D Hybrid Algorithm to Scale Parallel Training to Thousands of

GPUs

This chapter is based on prior work [83], which introduces a four-dimensional (4D) ap-

proach to optimize communication in parallel training. This 4D approach is a hybrid of 2D

tensor, FSDP [23, 25] and data parallelism. They key innovation of this work is an analytical

communication performance model, which identifies high-performing configurations within the

large search space defined by our 4D algorithm. Additionally, it introduces strategies to aggres-

sively overlap communcation with computation and BLAS kernel tuning to improve compute

performance. All of this leads to efficient scaling of training to tens of thousands of GPUs,

acheiving peak flop/s (bf16) of 620.1 Petaflop/s on Perlmutter, 1.381 Exaflop/s on Frontier and

1.423 Exaflop/s on Alps.

5.1 Innovations Realized

Training deep neural networks on a single GPU involves processing subsets of the data

called batches through the layers of a DNN in the forward pass to compute a loss, computing the

gradient of the loss in a backward pass via backpropagation, and updating the parameters (also

called “weights”) in the optimizer step. These three steps are repeated iteratively until all batches

have been consumed, and this entire training process is referred to as an epoch. We now describe
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our novel approach to scaling the computation in the steps described above in the context of large

multi-billion parameter neural networks on thousands of GPUs.

5.1.1 A Four-Dimensional Hybrid Parallel Approach

We have designed a hybrid parallel approach that combines data parallelism with three-

dimensional (3D) parallelization of the matrix multiplication routines.

Data Parallelism: In order to use a hybrid approach that combines data with tensor parallelism,

we organize the total number of GPUs, G, into a virtual 2D grid, Gdata × Gtensor. This results

in Gdata groups of Gtensor GPUs each. We use data parallelism across the Gdata groups, and

tensor parallelism within each group. Each Gdata group collectively has a full copy of the neural

network and is tasked to process a unique shard of the input batch. At the end of an input batch,

all groups have to synchronize their weights by issuing all-reduces on their gradients after every

batch (this is also referred to as an iteration).

3D Parallel Matrix Multiplication (3D PMM): Next, we use each GPU group, composed of

Gtensor GPUs to parallelize the work within their copy of the neural network. This requires dis-

tributing the matrices, and parallelizing the computation within every layer of the neural network

across several GPUs. Note that most of the computation in transformers is comprised of large

matrix multiplications within fully connected (FC) layers. Hence, in this section, we will focus

on parallelizing FC layers with a 3D PMM algorithm.

We now describe how a single layer is parallelized, and the same method is applied to all the

layers in the neural network. Each FC layer computes one half-precision (fp16 or bf16) matrix

multiplication (input activation, I multiplied by the layer’s weight matrix, W ) in the forward
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pass and two half-precision matrix multiplications (MMs) in the backward pass ( ∂L
∂O
×W⊤ and

I⊤ × ∂L
∂O

, where L is the training loss, and O is the output activation.) Thus, parallelizing an FC

layer requires parallelizing these three MM operations across multiple GPUs.

We adapt Agarwal et al.’s 3D parallel matrix multiplication algorithm [7], for parallelizing

our MMs. The 3D refers to organizing the workers (GPUs) in a three-dimensional virtual grid.

So, we organize the Gtensor GPUs further into a virtual 3D grid of dimensions Gx × Gy × Gz

(Figure 5.1). We do 2D decompositions of both I and W into sub-blocks and map them to

orthogonal planes of the 3D grid. In the figure below, I is distributed in the XZ plane, and

copied in the Y dimension. W is distributed in the XY plane and copied along the Z dimension.

Once each GPU has a unique sub-block of I and W, it can compute a portion of the O matrix,

which can be aggregated across GPUs in the X direction using all-reduces.
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Figure 5.1: Parallelization of a matrix multiply in an FC layer with Agarwal’s 3D parallel matrix
multiplication algorithm [7] on eight GPUs organized in a 2 × 2 × 2 topology. We use Gx, Gy,
and Gz to refer to the number of GPUs along the three dimensions of the virtual grid topology.

We modify Agarwal’s algorithm to reduce memory consumption, and instead of making

copies of W along the Z-axis, we further shard W along the Z-axis and denote these sub-shards

as Ŵ . Algorithm 3 presents the forward and backward pass operations on GPU gi,j,k, and we can
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observe that the sharding of W results in all-gather operations before the local matrix multiplica-

tion on each GPU can proceed.

Algorithm 3 Tensor parallel algorithm for gi,j,k in a Gx ×Gy ×Gz grid. Communication opera-
tions highlighted in blue.

1: function TENSOR PARALLEL FORWARD PASS(Ik,j , Ŵj,i)

2: Wj,i = ALL-GATHERz(Ŵj,i)
3: Ôk,i = Ik,j ×Wj,i

4: Ok,i← ALL-REDUCEy(Ôk,i)
5: // Cache Ik,j and Wj,i for the backward pass
6: return Ok,i

7: end function
8:
9: function TENSOR PARALLEL BACKWARD PASS( ∂L

∂Ok,i
)

10: Retrieve Ik,j and Wj,i from cache

11: ∂̂L
∂Ik,j

← ∂L
∂Ok,i

×W⊤
j,i

12: ∂L
∂Ik,j

← ALL-REDUCEx( ∂̂L
∂Ik,j

)

13: ∂̂L
∂Ŵj,i

← I⊤k,j ×
∂L

∂Ok,i

14: ∂L
∂Ŵj,i

← REDUCE-SCATTERz( ∂̂L
∂Ŵj,i

)

15: return ∂L
∂Ik,j

, ∂L
∂Ŵj,i

16: end function

In the forward pass, after the local (to each GPU) matrix-multiply on line 3, we do an all-

reduce to aggregate the output activations (line 4). In the backward pass, there are two matrix

multiplies on lines 11 and 13, and corresponding all-reduce and reduce-scatter operations in lines

12 and 14 to get the data to the right GPUs.

Parallelizing an entire network: The approach of parallelizing a single layer in a deep neural

network can be applied to all the layers individually. Let us consider a 2-layer neural network. If

we use Algorithm 3 to parallelize each layer, the output O of the first layer would be the input to

the other. However, notice in Figure 5.1 that O is distributed across the 3D virtual grid differently
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than the input I . So to ensure that the second layer can work with O, we would need to transpose

its weight matrix – essentially dividing its rows across the X-axis and columns across the Y -

axis. This transpose needs to be done once at the beginning of training. Hence, to parallelize a

multi-layer neural network, we simply ‘transpose’ the weights of every other layer by swapping

the roles of the X- and Y - tensor parallel groups.

Note that the 4D algorithm (data + 3D PMM) discussed in this section is a generalization

of various state-of-the-art parallel deep learning algorithms. For example, if one were to employ

only the Z axis of our PMM algorithm to parallelize training, it would reduce to Fully Sharded

Data Parallelism (FSDP) [25] and ZeRO [23]. Similarly, if we employ the Z axis of 3D PMM

and data parallelism simultaneously, then our algorithm reduces to Hybrid Sharded Data Paral-

lelism [25] and ZeRO++ [84]. If we use the X axis of our 3D PMM algorithm along with the

‘transpose’ scheme discussed in the previous paragraph, our 4D algorithm reduces to Shoeybi et

al.’s Megatron-LM [39]. Finally, when all four dimensions of our 4D algorithm are being used,

this is similar to a hybrid scheme that combines data parallelism, FSDP, and two-dimensional

tensor parallelism.

5.1.2 A Performance Model for Identifying Near-optimal Configurations

When assigned a job partition of G GPUs, we have to decide how to organize these GPUs

into a 4D virtual grid, and how many GPUs to use for data parallelism versus the different di-

mensions of 3D parallel martix multiplication. To automate the process of identifying the best

performing configurations, we have developed a performance model that predicts the communi-

cation time of a configuration based on the neural network architecture, training hyperparameters,
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and network bandwidths. Using these predictions, we can create an ordered list of the best per-

forming configurations as predicted by the model. We describe the inner-workings of this model

below.

We primarily focus on modeling the performance of the collective operations in the code,

namely all-reduces, reduce-scatters, and all-gathers. We first list the assumptions we make in our

model:

• Assumption-1: The ring algorithm [60] is used for implementing the all-reduce, reduce-

scatter, and all-gather collectives.

• Assumption-2: For collectives spanning more than one compute node, the ring is formed

such that the number of messages crossing node boundaries is minimized.

• Assumption-3: The message sizes are large enough, and hence, message startup overheads

can be ignored. In other words, if a process is sending a message of n bytes, then we

assumed that the transmission time is simply n
β

, where β is the available bandwidth between

the two processes.

• Assumption-4: We only model the communication times and ignore the effects of any

computation taking place on the GPUs.

• Assumption-5: We assume the same peer-to-peer bidirectional bandwidth, βinter, between

every pair of nodes.

We use the analytical formulations in Thakur et al. [60] and Rabenseifner [85] for modeling

the performance of ring algorithm based collectives. Let tAG,z denote the time spent in the all-

gather across the Z-tensor parallel groups (line 2 of Algorithm 3). Similarly, we use tRS,z, tAR,y
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and tAR,x to refer to the time spent in the collectives in lines 14, 4, and 12 respectively. Similarly,

we use tAR,data for the time spent in the data parallel all-reduce. Then, we can model these times

as follows,

tAG,z =
1

β
× (Gz − 1)× k × n

Gx ×Gy ×Gz

(5.1)

tRS,z =
1

β
×
(
Gz − 1

Gz

)
× k × n

Gx ×Gy

(5.2)

tAR,y =
2

β
×
(
Gy − 1

Gy

)
× m× n

Gz ×Gx

(5.3)

tAR,x =
2

β
×
(
Gx − 1

Gx

)
× m× k

Gz ×Gy

(5.4)

tAR,data =
2

β
×
(
Gdata − 1

Gdata

)
× k × n

Gx ×Gy ×Gz

(5.5)

The total communication time for a single layer, tcomm is simply the sum of Equations 5.1

through 5.5:

tcomm = tAG,z + tRS,z + tAR,y + tAR,x + tAR,data (5.6)

For layers with ‘transposed’ weight matrices as discussed at the end of Section 5.1.1, we need

to swap the values of Gx and Gy. And finally, to model the communication time for the entire

network, we apply Equation 5.6 to all of its layers, and take a sum of the times.
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In the equations derived above, we made a simplifying assumption that all collectives in

our hybrid parallel method can achieve the highest peer-to-peer bandwidth, denoted by β. How-

ever, since several collectives are often in operation at once, the actual bandwidth achieved for

a collective operation among a group of GPUs depends on the placement of processes in our

4D virtual grid to the underlying hardware topology (nodes and network) [86–89]. For exam-

ple, process groups that are contained entirely within a node can experience higher bandwidths

than those containing GPUs on different nodes. Next, we model the specific bandwidths used in

Equations 5.1 through 5.5.

To model the process group bandwidths, we begin by assuming a hierarchical organization

of process groups: X-tensor parallelism (innermost), followed by Y -tensor parallelism, Z-tensor

parallelism, and data parallelism (outermost). As a concrete example, if we have eight GPUs,

and set Gx = Gy = Gz = Gdata = 2, then the X-tensor parallel groups comprise of GPU pairs

(0,1), (2,3), (4,5), and (6,7). Similarly, the Y -tensor parallel groups would comprise of GPU pairs

(0,2), (1,3), (4,6), and (5,7), and so on.

Now let G⃗ = (Gx, Gy, Gz, Gdata) be the tuple of our configurable performance parameters,

arranged in order of the assumed hierarchy. Let β⃗ = (βx, βy, βz, βdata) be the effective peer-to-

peer bandwidths for collectives issued within these process groups. We use β⃗i and G⃗i to represent

the ith elements of these tuples (0 ≤ i ≤ 3). Also, let Gnode refer to the number of GPUs per

node. Now let us model each βi i.e. the bandwidth available to the GPUs in the process groups

at the ith level of the hierarchy.

Case 1: GPUs in the process group lie within a node – in our notation, this is the scenario when∏i
j=0 Gj ≤ Gnode.
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Figure 5.2: Plots validating the performance model by comparing the observed time per batch
and the rank ordered by the model for two neural networks: GPT-20B (left) and GPT-40B (right).

The bandwidth β⃗i is determined by two primary factors: (i) the size of the ith process

group, Gi, and (ii) the cumulative product of the sizes of all preceding process groups,
∏i−1

j=0Gj .

Given that the number of GPUs per node is typically small, the number of possible scenarios is

also small. Therefore, we can profile the bandwidths for all potential configurations in advance

and store this information in a database. Specifically, we generate all possible two-dimensional

hierarchies of process groups (G0, G1) such that G0×G1 ≤ Gnode, and then perform simultaneous

collectives within the outer process groups of size G1 with a large message size of 1 GB. We

record the achieved bandwidths for this tuple in our database. Then, for a given model, when we

need the predicted bandwidths for the ith process group, we retrieve the bandwidth recorded for

the tuple (G0 =
∏i−1

j=0Gj, G1 = Gi).

Case 2: GPUs in the process group are on different nodes – in our notation, this is the scenario

when
∏i

j=0Gj > Gnode.

For process groups spanning node boundaries, the approach of recording all possible con-

figurations in a database is not feasible due to the vast number of potential scenarios, given the

large number of possible sizes of these groups in a multi-GPU cluster. Therefore, we develop a
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simple analytical model for this scenario, which predicts the achieved bandwidths as a function

of the inter-node bandwidths (βinter), process group sizes (G⃗), and the number of GPUs per node

(Gnode).

First, let’s first explore two simple examples to build some intuition. In Figure 5.3 (left),

we demonstrate a scenario with a single process group spanning eight GPUs on two nodes, with

four GPUs on each node. In this case, the ring messages crossing node boundaries (i.e. the link

between GPUs 1 and 4, and between GPUs 6 and 3) will be the communication bottleneck. Since

we assumed βinter to be the bidirectional bandwidth between node pairs, we can set βi = βinter.

GPU 0 GPU 1

GPU 3GPU 2

Node 0

GPU 4 GPU 5

GPU 7GPU 6

Node 1

GPU 0 GPU 1

GPU 3GPU 2

Node 0

GPU 4 GPU 5

GPU 7GPU 6

Node 1

Figure 5.3: (Left) Formation of a single ring connecting eight GPUs across two nodes for collec-
tive communication operations such as all-reduce, reduce-scatter, or all-gather, with the model
assigning the maximum available inter-node bandwidth to this ring. (Right) Creation of two
independent rings, each spanning four GPUs across two nodes, where the model assumes the
available inter-node bandwidth is evenly divided between the two rings.

Another possible scenario is when there are multiple simultaneous collectives taking place

between two nodes. For example, consider Figure 5.3 (right), wherein GPUs (0, 4, 6, 2) and GPUs

(1, 5, 7, 3) are executing two independent collectives using the ring algorithm simultaneously. In

this case, the available inter-node bandwidth will be shared between these two collectives and

βi =
βinter

2
.

The first scenario occurs in the case when the process groups preceding the ith process
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group in the hierarchy are of size one, i.e. Gj = 1 ∀j < i. Whereas the second scenario occurs

in the case when at least one of these preceding process groups is of a size > 1. In that case, we

get multiple ring messages crossing node boundaries and the bandwidth gets distributed between

the rings. However, note that the maximum reduction in the bandwidth is bounded by the total

number of GPUs on each node, as there can’t be more inter-node ring links than GPUs on a node.

Equation 5.7 models all the scenarios to obtain the observed bandwidth:

β⃗i =
βinter

min
(
Gnode,

∏i−1
j=0Gj

) (5.7)

We use this bandwidth term in Equations 5.1 through 5.5 of our model. We use the model to

create an ordered list of configurations, and then we can pick the top few configurations for

actual experiments.

Validating the Performance Model: To validate the model, we collect the batch times for all

possible configurations of the 4D virtual grid when training GPT-20B on 32 GPUs and GPT-40B

on 64 GPUs of Perlmutter. Using the observed batch times, we label the ten fastest configurations

as ‘efficient’ and the rest as ‘inefficient’. When creating the validation plots, we rank the config-

urations using the ordering provided by the performance model. Figure 5.2 shows the empirical

batch times on the Y-axis and the rank output by the performance model on the X-axis. The

fastest configurations should be in the lower left corner. We observe that nine out of the top ten

configurations predicted by the performance model are indeed ‘efficient’ as per their observed

batch times. This shows that the model is working very well in terms of identifying the fastest

configurations.
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5.1.3 Automated Tuning of BLAS Kernels

In deep neural networks, a significant portion of the computational workload is matrix

multiplications kernels or “matmuls“, particularly in transformer models. These matmuls can be

performed in one of three main modes based on whether the operands are transposed: NN, NT,

and TN. Prior research has highlighted that NT and TN kernels are often less optimized than NN

kernels in most BLAS libraries [90]. In our experiments, we found this discrepancy to be more

pronounced when running transformers with large hidden sizes on the AMD MI250X GPUs of

Frontier. For example, in the GPT-320B model (described in Table 5.1), we observed that a

matrix multiply defaulting to the TN mode in PyTorch achieved only 6% of the theoretical peak

performance, whereas other matmuls reached 55% of the peak.

To address this issue, we implemented an automated tuning strategy in which, during the

first batch, each matmul operation in the model is executed in all three modes (NN, NT, and

TN) and timed. We then select the most efficient configuration for each operation, which is

subsequently used for the remaining iterations. This tuning approach ensures that our deep learn-

ing framework, AxoNN, avoids the pitfalls of using suboptimal matmuls that could significantly

degrade performance. For the aforementioned 320B model, our BLAS kernel tuning approach

successfully switches the poorly performing TN matmul with a nearly 8× faster NN matmul,

thereby reducing the total time spent in computation from 30.1 seconds to 13.19s! Note that

for other models used in Table 5.1, the speedups attained via tuning are relatively modest (See

Figure 5.5) (right).
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5.1.4 Overlapping Asynchronous Collectives with Computation

We use non-blocking collectives implemented in NCCL and RCCL on NVIDIA and AMD

platforms respectively. This enables us to aggressively overlap the collective operations in Ax-

oNN with computation, which can minimize communication overheads.

Overlapping All-reduces with Computation (OAR): In this performance optimization, we

overlap the all-reduce across the X-tensor parallel groups in the backward pass (Line 12 of Al-

gorithm 3) with the computation in Line 13. Once this computation has completed, we wait on

the asynchronous all-reduce. Note that for layers with ‘transposed’ weight matrices, this com-

munication happens across the Y -tensor parallel groups.

Overlapping Reduce-scatters with Computation (ORS): Next we overlap the reduce-scatters

in the backward pass (line 14 of algorithm 3). The outputs of this reduce-scatter are the gradients

of the loss w.r.t. the weights. These outputs are not needed until the backward pass is completed

on all the layers of the neural network and we are ready to start issuing the all-reduces in the

data parallel phase. Exploiting this, we issue these reduce-scatters asynchronously and only wait

on them once all layers have finished their backward pass. This allows us to overlap the reduce-

scatter of one layer with the backward pass computations of the layers before it.

Overlapping All-gathers with Computation (OAG): Our next optimization overlaps the all-

gather operations in the forward pass (line 2 of Algorithm 3) with computation. We observe

that this all-gather operation does not depend on any intermediate outputs of the forward pass.

Leveraging this, we preemptively enqueue the all-gather for the next layer while the computa-

tion for the current layer is ongoing. At the start of training, we generate a topological sort of
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the neural network computation graph to determine the sequence for performing the all-gathers.

Subsequently, we execute them preemptively in this order.

Figure 5.4 shows the performance improvements from the three successive collective over-

lap optimizations (OAR: Overlap of all-reduces, ORS: Overlap of reduce-scatters, and OAG:

Overlap of all-gathers). The baseline here refers to the scenario with no communication overlap.

We also show the breakdown of the total time per batch into computation and communication. As

we can see, the times spent in computation do not change significantly, however, the time spent

in non-overlapped communication reduces with successive optimizations, leading to an overall

speedup. For the 80B model in the figure, we see a performance improvement of 18.69% over

the baseline on 8,192 GCDs of Frontier.
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Figure 5.4: The impact of overlapping non-blocking collectives with computation on the training
times of different sized models on 8,192 GCDs of Frontier.

5.2 How Performance Was Measured

All of our innovations are implemented in an open-source framework called AxoNN [56],

which can be integrated easily as a backend in existing serial training codebases. This section

provides details of the experimental setup for benchmarking training performance using AxoNN.
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5.2.1 Applications: Model Architecture Details

We evaluate the effectiveness of our implementation by conducting experiments on a well-

known neural network architecture: Generative Pre-trained Transformer (GPT) [1]. The GPT

architecture is a popular transformer architecture [8] that has been used to train several large lan-

guage models [1,40,41,91]. Table 5.1 presents the sizes of the different model architectures used

in the experiments, and their important hyperparameters. Due to the extremely large activation

memory requirements of training GPT models, we turn on activation checkpointing [77]. Ad-

ditionally, we employ mixed precision (bf16/fp32) for all our training runs. We use bf16 since

it has been shown to achieve the same performance and stability as fp32 [92], and it maintains

the same range as fp32. This makes it a suitable choice over fp16, which has been known to be

numerically unstable for LLM training.

Table 5.1: Architectural details of the GPT-style transformers [1] used in the performance exper-
iments.

Model # Parameters # Layers Hidden-Size # Heads

GPT-5B 5B 24 4096 32
GPT-10B 10B 32 5120 40
GPT-20B 20B 32 7168 56
GPT-40B 40B 38 9216 72
GPT-60B 60B 56 9216 72
GPT-80B 80B 42 12288 96
GPT-160B 160B 84 12288 96
GPT-320B 320B 96 16384 128
GPT-640B 640B 192 16384 128

On Perlmutter, we use the sequential model training code from the Megatron-LM code-

base [42], and parallelize it using AxoNN. However, on Frontier, we observed training insta-

bilities with Megatron-LM, and switched to using LitGPT [93] for the model architectures on
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Frontier and Alps. We parallelized LitGPT also using our 4D implementation in AxoNN. We

conduct weak scaling experiments with the GPT-3 models, ranging from 5 billion to 320 billion

parameters. We also conduct strong scaling experiments on Frontier using the 80 billion and 640

billion parameter models to predict the time-to-solution for 2 trillion tokens.

5.2.2 Systems and Environments

Our experiments were conducted on three supercomputers, Perlmutter at NERSC/LBL,

Frontier at OLCF/ORNL, and Alps at CSCS. Each node on Perlmutter is equipped with four

NVIDIA A100 GPUs, each with a DRAM capacity of 40 GB. On Frontier, each node has four

AMD Instinct MI250X GPUs each with a DRAM capacity of 128 GB. Each MI250X GPU is

partitioned into two Graphic Compute Dies (GCDs) and each 64 GB GCD can be managed

independently by a process. On Alps, each node has four GH200 Superchips, where each H100

GPU has a DRAM capacity of 96 GB. Nodes on all systems have four HPE Slingshot 11 NICs,

with each NIC capable of bidirectional link speeds of 25 GB/s.

In our Perlmutter experiments, we use CUDA 11.7, NCCL 2.15.5, and PyTorch 1.13. On

Frontier, we use PyTorch 2.2.1 with ROCm 5.7 and RCCL 2.18.6. On Alps, we use PyTorch 2.4.0

with CUDA 12.5.1 and NCCL 2.22.3. On all the systems, we use the AWS OFI plugin (NCCL

or RCCL) which enables us to use libfabric as the network provider on the Slingshot network,

and provides high inter-node bandwidth. We want to note here that several runs on Perlmutter

and Alps were done in a system-wide reservation, and even so, we noticed significant run-to-

run performance variability. This was most likely due to network congestion [94] or file-system

degradation [95] impacting performance.
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5.2.3 Evaluation Metrics

In all our experiments, we run the training loop for ten iterations (batches), and report the

average time per iteration (batch) for the last eight iterations to account for any performance

variability due to initial warmup. We calculate half precision flop/s (often called “model flops”)

using Narayanan et al.’s analytical formulation [42] for the number of floating point operations

in a transformer model. We did a small experiment to verify that this formulation matches the

total number of floating point operations measured by Nsight Compute, an empirical tool. We

compare this number against the theoretical (vendor advertised) peak performance of each GPU

(312 Tflop/s per GPU on Perlmutter, 191.5 Tflop/s per GCD on Frontier, 989 Tflop/s per GPU on

Alps), and report the achieved percentage of peak as well as the total sustained bf16 flop/s.

Since the vendor advertised peak performance is often not practically achievable, we also

ran a simple GEMM benchmark on 1 GPU/GCD of Perlmutter/Frontier to gather empirically

observed peak flop/s. We invoked equivalent cuBLAS and rocBLAS kernel calls to multiply two

bf16 square matrices with dimensions ranging from 1024 to 65536. On Perlmutter, the highest

sustained flop/s for matrices of dimensions of 32768 × 32768 is 280 Tflop/s (90% of peak). On

Frontier, the highest sustained flop/s is 125 Tflop/s on 1 GCD (65% of peak) for the same matrix

dimensions. For Alps, we referred to a GH200 benchmark guide from NVIDIA that reported a

sustained performance of 813 Tflop/s (82% of peak). These numbers show that the vendor ad-

vertised peak performance is almost always not achievable in practice. In our evaluation, we also

report the % of peak empirical performance achieved by our implementation using the numbers

mentioned above.
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5.3 Performance Results

We now discuss the results of our performance benchmarking experiments described in

Section 5.2.

5.3.1 Weak Scaling Performance

We first present the weak scaling performance of AxoNN on Perlmutter, Frontier and Alps

using GPT-style transformers as the application in Figure 5.5 (left). We observe that on all three

systems, AxoNN achieves near-ideal weak scaling up to 4096 GPUs/GCDs. This is particularly

promising because most large-scale LLM training falls within this hardware range. When running

the 60B model on 6144 H100 GPUs of Alps, we see a small reduction in efficiency – 76.5%

compared to the performance on 1024 GPUs.

Since Frontier has a significantly large number of GPUs than the other two platforms,

we scaled AxoNN on Frontier to 32,768 GCDs. We see near perfect weak scaling up to 8,192

GCDs with a significantly high efficiency of 88.3% (compared to the performance on 512 GCDs).

Although our weak performance drops at 16,384 GCDs, we are still able to sustain an efficiency

of 79.02%. However, with rising overheads of communication, there is a notable decline in our

performance on 32,768 GCDs, and a corresponding drop in efficiency to 53.5%.

We used timers to gather breakdowns of the time per batch into computation and non-

overlapped communication to better understand the impact of the performance optimizations

described in Section 5.1. We present these results in Figure 5.5 (right), for some model sizes

running on 512–8,192 GCDs of Frontier. As a baseline, we use a configuration of AxoNN that

corresponds to a hybrid of 1D tensor parallelism within node (similar to Megatron-LM [39]) and
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Figure 5.5: Weak scaling performance (time per batch or iteration) of AxoNN on Frontier, Perl-
mutter, and Alps for models with 5 to 320 billion parameters (left) and the impact of our perfor-
mance optimizations (right). For the bars labeled “Perf model”, we use the best out of the top-10
configurations suggested by our communication model. For the bars labeled “Kernel Tuning”
and “Coll Overlap”, we enable our matrix multiplication tuning and communication overlap op-
timizations.

hybrid sharded data parallelism across nodes (similar to FSDP [25, 84]).

We observe that using the 3D parallel matrix multiplication and performance model to

select the best configuration results in significant performance improvements of 13-45% over the

baseline. Most of the improvement comes from a significant reduction in communication times.

For the models in the plot, the improvements in the batch times due to our BLAS kernel tuning are

relatively modest (2–4%). Finally, the improvement from our overlap optimizations is largest for

the largest model in this series i.e. 80B on 8192 GCDs. In this case, we observe a 22% reduction

in the batch times! This is expected because the overheads of communication tend to increase

with scale and subsequently the benefits of our overlap optimizations become more pronounced.
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for all the matrix multiplication kernels in the code.

5.3.2 Sustained floating point operations per second (flop/s)

Next, we examine the floating-point operations per second (flop/s) achieved by AxoNN. In

Figure 5.6, we present the total bf16 flop/s sustained by AxoNN in our weak scaling experiments

on Perlmutter, Frontier and Alps. In Table 5.2, we also show our sustained flop/s as a percentage

of the vendor advertised and empirical obtained peak flop/s. As discussed in Section 5.2.2, we

use 280 Tflop/s, 125 Tflop/s, and 813 Tflop/s as the empirical peak bf16 flop/s for an A100 GPU,

an MI250X GCD and an H100 GPU respectively.

On Perlmutter, we observe that AxoNN consistently sustains 50% or higher fraction of the

advertised peak of 312 Tflop/s per GPU. As a result of our near perfect weak scaling, we observe

that the sustained flop/s also increase linearly from 80.8 Pflop/s on 512 GPUs by nearly 8× to

620.1 Pflop/s on 4096 GPUs. Since the advertised and empirical peak bf16 flop/s of an A100

GPU are close (312 vs. 280 Tflop/s), our % flop/s numbers are also in the same ball park.

On Frontier, in the 512 to 4,096 GCD range, AxoNN achieves near-perfect weak scaling

in terms of sustained flop/s which translates to a throughput of around 40% of the advertised
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Table 5.2: Sustained flop/s for weak scaling on Perlmutter, Frontier and Alps.

# GPUs
/ GCDs Model

Total
Pflop/s

% of
Advertised Peak

% of
Empirical Peak

Pe
rl

m
ut

te
r 512 5B 80.8 50.6 56.2

1024 10B 197.8 61.9 68.8
2048 20B 352.5 55.2 61.3
4096 40B 620.1 48.5 53.9

Fr
on

tie
r

512 5B 40.4 41.1 63.3
1024 10B 77.3 39.3 60.4
2048 20B 145.7 37.0 57.0
4096 40B 295.9 37.6 57.9
8192 80B 571.4 36.3 56.0

16384 160B 1019.9 32.4 49.9
32768 320B 1381.0 22.0 33.8

A
lp

s

1024 10B 310.0 30.6 37.3
2048 20B 621.6 30.7 37.4
4096 40B 1095.8 27.0 33.0
6144 60B 1423.1 23.4 28.6

peak performance. Notably, this is a significant improvement over Yin et al. [96] and Dash et

al. [97] – they achieved a peak of only 30% in a similar range of GCDs, model sizes, and batch

sizes on Frontier. AxoNN continues to scale well up to 8,192 GCDs, sustaining 36.3% of the

peak and 571.4 Pflop/s in total. Beyond this scale, we start observing scaling inefficiencies.

On 16,384 GCDs, we achieve 32.4% of the peak, which amounts to 1.02 Exaflop/s in total.

Finally on 32,768 GCDs, our performance drops to 22% of the peak and a total flop/s of 1.381

Exaflop/s. In Section 5.2, we mentioned a significant difference between the advertised peak and

the empirically measured peak on a single MI250X GCD (192 vs. 125 Tflop/s). As a result, there

is a large difference between AxoNN’s flop/s expressed as a percentage of the advertised peak

versus the empirical peak. For instance on 32,768 GCDs, these numbers are 22.0% and 33.8%

respectively.
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On Alps, we observe a similar trend as Perlmutter, with AxoNN consistently sustaining

∼30% of the advertised peak up to 4096 GPUs. At 6144 GPUs, we see a slight drop to 23.42% of

peak. At 6144 GPUs, we achieve our highest sustained flop/s of 1423.10 Pflop/s across all three

machines.

5.3.3 Predicted Time-to-solution

The training of state-of-the-art large language models (LLMs) presents a significant com-

putational challenge due to two key factors. First, the models themselves are large, with current

state-of-the-art models comprising hundreds of billions of trainable parameters. Second, LLMs

are trained on massive and continually expanding text corpora, often containing trillions of to-

kens. In this section, we show how AxoNN can significantly reduce the time-to-solution of

training such state-of-the-art LLMs on large text corpora. To demonstrate this, we pick the 80B

and 640B parameter GPT models from Table 5.1 and collect the per iteration times at various

GCD counts. We run the 80B model on 128 to 8,192 GCDs on Frontier, and the 640B model on

512 to 8,192 GCDs. We then extrapolate the batch times to estimate the time it would take to rain

these models to completion i.e. to ingest two trillion tokens. These time-to-solution results are

presented in Figure 5.7. Note that both the model size and the number of tokens are representative

of modern LLM training setups such as Meta’s Llama [13].

As the plot shows, training an 80B model on 128 GCDs will take 50 months or more than

four years. This emphasizes the critical role of large-scale parallelism in LLM training. As

we scale to more GCDs, we see the expected time to solution drop almost linearly till 8,192

GCDs. Our estimate for the total training time of the 80B model on 8,192 GCDs is a much more
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Figure 5.7: Strong scaling showing expected time-to-solution on Frontier. Using the average time
per iteration, we predict the training times for GPT-80B and GPT-640B on 2T tokens for various
GCD counts.

reasonable 25.5 days. For the 640B model, even a much larger GCD count of 512 GCDs is im-

practical, with the estimated time-to-solution amounting to 14 years. However, on 8,192 GCDs,

the estimated total training time is 15 months, which is an 11× improvement. For both models,

this amounts to a strong scaling efficiency of more than 90%. These experiments underscore

AxoNN’s efficacy in significantly reducing the pre-training time for cutting-edge LLMs trained

using massive datasets. By enabling faster training cycles on large scale multi-GPU clusters such

as Frontier and Alps, AxoNN has the potential to accelerate the overall pace of LLM research

and development.
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Chapter 6: Optimizing Collectives with Large Payloads on GPU-based Super-

computers

In the preceding chapters of this dissertation, we have assumed that the underlying com-

munication libraries are highly optimized, allowing us to focus on minimizing communication

overhead at the framework level. This assumption was made explicit in Chapter 5, where our

communication model idealized a scenario with zero latency and perfect bandwidth utilization

(see Section 5.1.2). However, real-world performance is far from ideal, and understanding the

true efficiency of communication libraries is crucial for scaling distributed deep learning work-

loads. In this chapter, we go beyond performance evaluation to systematically analyze Cray-

MPICH and RCCL, the primary communication backends available on the Frontier supercom-

puter. Our focus is on two key collectives – all-gather and reduce-scatter – which are critical to

state-of-the-art distributed deep learning frameworks such as FSDP [25], ZeRO [23], and Ax-

oNN’s z-dimension in 3D parallel matrix multiplication (see Chapter 5). Through this analysis,

we identify several bottlenecks that hinder these libraries from efficiently scaling to thousands

of GPUs. Finally, we develop highly optimized implementations of these collectives that signif-

icantly improve performance, thereby enabling more efficient large-scale distributed training on

modern supercomputing architectures.
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6.1 Identifying Issues with Cray MPICH and NCCL/RCCL

As established in the previous section, all-gather and reduce-scatter operations are impor-

tant collectives in parallel deep learning [23, 25, 83]. Thus, to scale model training to the thou-

sands of GPUs required for large models, we need highly efficient and scalable implementations

of these collectives – particularly for the large message sizes characteristic of deep learning work-

loads (see Figure 6.1). This section investigates the state of the current state of the practice of

popular communication libraries - Cray-MPICH and RCCL, for these collectives. We find unique

issues that plague the performance of each library, and we highlight these below via experiments

on the Frontier supercomputer.
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Figure 6.1: Distribution of all-gather and reduce-scatter message sizes for several deep learning
frameworks for a range of transformer [8] model sizes. The y-axis represents input buffer sizes
for all-gathers but output buffer sizes for reduce-scatters.

6.1.1 Benchmarking Methodology

First, let us look at the methodology we used to benchmark the performance of the two

libraries on Frontier.
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Process Placement and NUMA Configuration: Each node on Frontier is equipped with four

GPUs, which are each partitioned into two Graphic Compute Dies (GCDs). We therefore launch

one MPI process per GCD, binding each process to seven CPU cores and leaving two cores per

NUMA region free for operating-system tasks and to minimize noise. To ensure NUMA-aware

placement of network interfaces, we configure the OFI provider with MPICH OFI NIC POLI

CY=USER and MPICH OFI NIC MAPPING="0:0-1;1:2-3;2:4-5;3:6-7", which pins

each MPI rank to the appropriate NIC ports in its NUMA domain.

Message Sizes and Measurement Protocol: In line with Figure 6.1, our evaluation focuses on

message sizes from 16MB up to 1GB. Note that for all-gathers and reduce-scatters, these values

refer to the output and input message size per GPU respectively. For each combination of library,

collective, message size, and GPU count, we perform ten independent runs. We measure the total

time spent in the collective on each run using AMD’s hipeventtimers instrumentation and

computed the mean and standard deviation over the ten runs to ensure statistical robustness.

Communication Tuning: We disable all forms of eager messaging in the OFI/CXI provider by

setting FI CXI RDZV THRESHOLD=0, FI CXI RDZV GET MIN=0, and FI CXI RDZV EAG

ER SIZE=0. For the message sizes we target, disabling eager messaging significantly improves

collective performance for both Cray MPICH and RCCL. We enable GPU Direct RDMA for

GPUs and NICs sharing the same NUMA node via NCCL NET GDR LEVEL=PHB and disable

HSA’s SDMA engine by setting HSA ENABLE SDMA=0, ensuring that data transfers bypass the

host.

Software Stack: Our software stack comprises of ROCm 6.2.4, RCCL 2.20.5, Cray MPICH

8.1.31 distribution, libfabric 1.15.2 and the aws-ofi-rccl plugin version v1.4.
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Figure 6.2: The left plot compares all-gather performance of Cray MPICH and RCCL on Frontier
for a bandwidth-bound scenario with large message sizes (256 and 512 MB) and small GPU
counts. The middle and right plot show the number of packets read from (left) and written to
(right) each of the four NICs on a Frontier compute node during all-gather operations.

6.1.2 Poor MPI performance at lower GPU counts

Figure 6.2 (left) presents a comparative analysis of all-gather performance between Cray

MPICH and RCCL on Frontier, specifically for large message sizes of 256 MB and 512 MB. De-

spite both libraries implementing a ring-based collective algorithm over the OpenFabrics Inter-

faces (OFI) layer, RCCL achieves approximately a 4× performance advantage in this bandwidth-

bound scenario. To explain this disparity, we examine hardware performance counters provided

by the Cassini Slingshot-11 Network Interface Controllers (NICs) [98] on each Frontier node.

Our investigation focuses on the counters parbs tarb pi posted pkts and parb

s tarb pi non posted pkts, which, based on our understanding, represent the count of

packets read from and written to each NIC within a node during job execution. The middle and

right plots of Figure 6.2 demonstrate a significant divergence in NIC utilization between the two

libraries. Cray MPICH constrains all read operations to NIC 3 and all write operations to NIC 0,

effectively creating a single-NIC bottleneck. Conversely, RCCL distributes network traffic more

uniformly across all available NICs. This equitable load distribution leads to enhanced bandwidth

utilization and a substantial reduction in all-gather execution time. This observed imbalance in
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NIC utilization directly accounts for the pronounced performance gap between Cray MPICH and

RCCL in this bandwidth-bound context.
Explanation 1

Cray MPICH routes all network traffic through a single NIC, resulting in severe underuti-

lization of the available network bandwidth. In contrast, RCCL effectively balances node

traffic across all four NICs, achieving a four-fold performance improvement over Cray

MPICH.

6.1.3 Poor Performance of MPI Reduce scatter

Next, we examine reduce-scatter performance. As shown in Figure 6.3, Cray MPICH (or-

ange) performs significantly worse than RCCL (green). Notably, this performance gap is far

greater than the 4× difference observed earlier for all-gather in Figure 6.2. While the NIC un-

derutilization issue outlined in the previous subsection still persists for Cray-MPICH Reduce-

scatters, it alone cannot explain this performance disparity. We hypothesize that this disparity

stems from the way reduction computations are scheduled in the two libraries. Cray MPICH

performs the reduction operations required for reduce-scatter on the CPU, introducing signifi-

cant computational overheads for large messages. In contrast, RCCL efficiently performs these

operations by offloading them to the GPUs, leveraging their parallel processing capabilities.

To test this hypothesis, we manually implemented the reduce-scatter operation using Cray

MPICH point-to-point sends and receives, while scheduling the reduction operations on the GPU

via a HIP vector-addition kernel. As shown in Figure 6.3, our implementation (blue line) achieves

performance that is several times faster than Cray MPICH’s native reduce-scatter, further support-

ing our hypothesis.
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Figure 6.3: Performance comparison of reduce-scatter using Cray MPICH, RCCL, and a custom
implementation of reduce-scatter that uses Cray MPICH P2P and GPU compute kernels.

Explanation 2

Cray MPICH’s CPU-based reduction operations in reduce-scatter introduce significant

overhead, which in combination with the NIC underutilization issue, results in a 10-15x

performance gap compared to RCCL’s GPU-accelerated reductions.

6.1.4 Poor Scaling of RCCL and MPI at Large GPU Counts
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Figure 6.4: Performance comparison of all-gather using Cray-MPICH vs. RCCL on Frontier for
two output buffer sizes of 64 and 128 MB. The ideal scaling behavior (flat horizontal line) is not
achieved by either library, highlighting their limited scalability at increasing GCD counts.
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Figure 6.4 shows all-gather performance for Cray MPICH and RCCL when sending rela-

tively small messages across increasing numbers of GCDs. We observe that both libraries exhibit

poor scaling behavior at large GPU counts. On investigating deeper, we found that both Cray

MPICH and RCCL only support the ring algorithm for all-gathers and reduce-scatters. While

effective for bandwidth-bound workloads, the ring algorithm performs poorly in latency-bound

scenarios because each process must send and receive (p− 1)messages sequentially, causing the

total communication time to grow linearly with the number of processes.

Curiously, neither library implements more optimal algorithms like recursive doubling or

halving, which are known to reduce the number of communication steps to log2 p and are gener-

ally preferred for small message sizes or high process counts. This lack of algorithmic diversity

directly contributes to the sub-optimal scaling we observe at large GPU counts.

Explanation 3

Both Cray MPICH and RCCL rely solely on the ring algorithm for all-gather and reduce-

scatter, leading to poor scaling inlatency-bound scenarios. More efficient algorithms like

recursive doubling and halving are not supported.

6.2 Optimizing All-gathers and Reduce-scatters

In Section 6.1, we identified several challenges affecting RCCL and Cray-MPICH in the

context of all-gather and reduce-scatter collectives for deep learning workloads. These chal-

lenges create significant barriers to efficiently scaling large model training across thousands of

GPUs. The central theme of this work is to developed optimized implementations of all-gather

and reduce-scatter collectives that address these challenges. In this section, we present our pro-
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Figure 6.5: Diagram showing our hierarchical (two-level) implementation to dissolve an all-
gather operation on a GPU-based cluster with N nodes and M GPUs per node. In Step 1, we
performs inter-node all-gathers, in step 2, we perform intra-node all-gathers and in step 3, each
GPU performs a local shuffle of the received data.

posed solutions, which are implemented in a new library called PCCL (Performant Collective

Communication Library). We begin by discussing the design principles and strategies that drive

our proposed solutions.

6.2.1 Hierarchical Collective Algorithms for Load Balancing NIC Traffic

Our optimized implementations of all-gather and reduce-scatter are based on a two-level

hierarchical design. While prior work has demonstrated that hierarchical algorithms can reduce

latency and improve scalability in collective operations [66,68], our primary motivation for adopt-

ing this design is to address the NIC underutilization problem identified in Section 6.1.2. Now,

we provide a brief overview of the inner workings of our hierarchical design.

We illustrate our design in Figure 6.5 for an all-gather operation on a hypothetical sys-

tem with N nodes and M GPUs per node. The global collective operation is divided into two

distinct phases using sub-communicators: inter-node sub-communicators and intra-node sub-

communicators. Inter-node sub-communicators are formed by grouping corresponding GPUs

across nodes in a group. For example, in Figure 6.5, all GPUs with the same index across nodes

are grouped together to form a total of M inter-node sub-communicators. Similarly, intra-node
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sub-communicators are formed by grouping together all GPUs within a node.

The hierarchical communication unfolds in three steps. First, in the inter-node all-gather

phase, we schedule an all-gather operation in all of the inter-node sub-communicators. This is

illustrated in Step-1 of Figure 6.5. Once this phase is completed, each GPU in a node has received

data from its corresponding GPU in the other nodes. Now, within every node we have the entire

result of the all-gather operation, but the data is split across GPUs. Therefore, the next step is to

perform an intra-node all-gather operation, which is illustrated in Step-2 of Figure 6.5. Once this

phase is complete, each GPU now has the complete output in its memory, albeit in an incorrect

order. So, the final step involves a device-local shuffle operation, where each GPU rearranges its

data to put in a correct order. This is illustrated in Step-3 of Figure 6.5. The device-local shuffle is

performed using a transpose kernel in practice. We implement reduce-scatter in a similar manner

– but starting with the intra-node phase first, followed by the inter-node phase.

Having explained the workings of our hierarchical design, let us now see how it addresses

the NIC underutilization problem. An important aspect of our design in that it schedules all

of the all-gather operations in Step-1 of Figure 6.5 concurrently on all of the inter-node sub-

communicators. We leverage this fact to utilize all NICs on a node concurrently. A Frontier node

has four NICs, each connected to two GCDs. In our implementation, we ensure that each GCD

exclusively sends and receives traffic to and from its corresponding NIC (e.g. - GCDs 0 and 1 to

NIC 0, GCDs 2 and 3 to NIC 1, and so on). This is how we ensure that the inter-node traffic is

evenly distributed across all NICs in PCCL.
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6.2.2 Choice of Communication Libraries for Each Level of the Hierarchy

We now describe the choice of communication libraries we make for each level of the

hierarchy, starting with the intra-node level. GPU-vendor libraries like RCCL are highly opti-

mized for intra-node topologies, efficiently utilizing shared memory, PCIe, and Infinity fabric

connections. These optimizations significantly outperform most MPI implementations in man-

aging GPU-to-GPU communication within a node [65]. Hence, we simply rely on RCCL for all

of our communication in the intra-node phase.

Prior work has reported that RCCL is not robust at scale and can crash during training

runs [99]. This issue has also been noted by HPE1 and in the OLCF User Guide2. Thus for

reliability reasons, we opt to use Cray-MPICH for all inter-node communication.

6.2.3 Choice of Algorithms for Inter-Node Communication

Our choice of communication algorithms for each level of the hierarchy is driven by per-

formance considerations and the limitations of available libraries. Since RCCL only supports the

ring algorithm for intra-node collectives, we adopt this as our intra-node communication strat-

egy. Fortunately, ring is well-suited for this context, as the small number of GCDs within a node

(eight) ensures that ring can effectively saturate the available bandwidth.

The inter-node phase, however, presents greater challenges. With potentially thousands

of GPUs participating in the collective, latency concerns become critical. Cray-MPICH, which

we rely on for inter-node communication due to RCCL’s instability at scale, offers only the ring

1https://www.olcf.ornl.gov/wp-content/uploads/OLCF_AI_Training_0417_2024.
pdf

2https://docs.olcf.ornl.gov/software/analytics/pytorch_frontier.html#
environment-variables
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algorithm by default. Unfortunately, ring algorithms’s linear scaling in latency with respect to

the number of processes makes it suboptimal at large-scale.
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Figure 6.6: (Left) Heatmap showing speedups from using recursive halving over the ring algo-
rithm in the inter-node phase of the reduce-scatter implementation in PCCL, and (Right) Perfor-
mance comparison of the C++ (with Pybind11) and Python based implementations of reduce-
scatter in PCCL.

To address this, we implement alternative algorithms with improved scaling properties.

Specifically, we utilize recursive doubling for all-gather operations and recursive halving for

reduce-scatter operations [60]. These algorithms offer logarithmic latency terms, enabling sig-

nificantly better performance as the number of GPUs increases. Our implementations are based

on Cray-MPICH’s point-to-point send and receive operations. Moreover, for reduce-scatter op-

erations, we also ensure that our vector addition computation is efficient by scheduling it on the

GPU cores.

In Figure 6.6 (left), we demonstrate the speedup of using recursive halving over ring in the

inter-node phase of our reduce-scatters. Note that both of these implementations use RCCL’s ring

algorithm for the intra-node phase. We observe that ring is the preferred choice of algorithm for

inter-node communication in bandwidth bound scenarios (smaller process counts and/or larger

message sizes). However, as expected recursive halving becomes the more optimal algorithm for
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latency bound scenarios (larger process counts and/or small message sizes).

We develop these implementations in C++ as part of PCCL and expose Pybind11 bindings

to enable seamless integration with Python-based deep learning frameworks such as ZeRO-3 [23].

Implementing these algorithms in C++ proves to be critical for achieving high performance.

As shown in Figure 6.6 (right), a baseline implementation using Python and mpi4py can be

nearly 4× slower than our optimized C++ version—compare the performance at 1024 GCDs.

This highlights the importance of minimizing CPU-side overhead and reducing language-level

inefficiencies for large-scale collective communication.

6.3 Performance Results

We now present and analyze the results of the empirical experiments we conducted to

evaluate the efficacy of PCCL for scaling parallel training.
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Figure 6.7: Performance comparison of all-gather using Cray MPICH, RCCL, and PCCL, for
different per-process output buffer sizes (left plot: 64 and 128 MB, right plot: 256 and 512 MB)
and varying process counts on Frontier.
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6.3.1 Performance Improvements Using PCCL

We begin by examining the performance of PCCL for all-gather and reduce-scatter opera-

tions and comparing it against other state-of-the-art communication libraries.
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Figure 6.8: Performance comparison of reduce-scatter using Cray MPICH, RCCL, and PCCL,
for different per-process input buffer sizes (left plot: 64 and 128 MB, right plot: 256 and 512
MB) and varying process counts on Frontier.

6.3.1.1 Comparison with Cray-MPICH and RCCL on Frontier
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Figure 6.9: Heatmaps showing speedups from using PCCL over RCCL for all-gather (left) and
reduce-scatter (right) on Frontier. The speedup is shown as a function of per-process output/input
buffer size (in MB) and process count.

Let us start with examining PCCL’s performance on the Frontier supercomputer. Figure 6.7
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shows the performance of all-gather operations on Frontier using PCCL and other communication

libraries. We evaluate two sets of output buffer sizes: 64 and 128 MB (left plot), and 256 and 512

MB (right plot). For each configuration, we scale the number of GCDs from 32 to 2048. Since

the output buffer size per GPU remains fixed, the ideal performance curve for each buffer size is

a flat horizontal line, indicating perfect scaling.

However, we observe that RCCL and Cray-MPICH fall short of this ideal. For smaller mes-

sage sizes in the left plot, RCCL (green lines) scales poorly, with execution time increasing almost

linearly with the number of processes. For the larger message sizes in the right plot, RCCL per-

forms well up to 128 processes, but experiences significant degradation beyond that—mirroring

the trends seen with smaller messages. Cray-MPICH (orange lines) shows a similar pattern, with

performance dropping sharply as we scale to higher process counts. We attribute the poor scaling

of RCCL and Cray-MPICH to their reliance on the ring algorithm, whose latency term grows

linearly with the number of processes.

In contrast, PCCL (blue lines) maintains nearly flat scaling trends across all message sizes

in both plots, demonstrating significantly better scalability and efficiency. We attribute PCCL’s

better performance to its hybrid strategy, described in Section 6.2, which exploits the heteroge-

neous network topology. By using the ring algorithm within nodes (limited to eight processes)

and recursive doubling across nodes, PCCL bounds the latency overhead that otherwise grows

linearly in traditional ring-based implementations. This design enables better scalability across

large GPU counts. The performance improvements of PCCL over RCCL and Cray-MPICH be-

come increasingly pronounced as we increase the number of processes (GCDs). At 2048 pro-

cesses, PCCL achieves speedups ranging from 7 – 24× over RCCL, and an even larger 27 to

82× over Cray-MPICH, depending on the message size. These results highlight PCCL’s ability
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to deliver high-performance communication at scale.

Next, let us examine reduce-scatter performance on Frontier, as shown in Figure 6.8. Again,

we observe similar trends as in the case of all-gather. Both RCCL and Cray-MPICH fall short

of the ideal performance curve, and PCCL acheives significant speedups over both libraries with

increasing scale.

Since RCCL is the default library used by most distributed deep learning applications on

AMD platforms, let us take a closer look at how PCCL compares against it. Figure 6.9 shows

the speedups of PCCL over RCCL for all-gather (left) and reduce-scatter (right) operations on

Frontier, respectively, across a range of output buffer sizes and process counts. In the top-left

regions of both heatmaps–large messages and small GPU counts, which represent bandwidth-

bound scenarios–PCCL underperforms RCCL. For instance, with a 1024 MB buffer at 32 GCDs,

speedups are around 0.52× for all-gather and 0.55× for reduce-scatter. This is expected, as

RCCL’s flat ring algorithm can theoretically achieve higher bandwidth than PCCL’s hierarchical

two-phase strategy [66].

However, in the bottom-right corners–small messages and large GPU counts, where latency

dominates–PCCL delivers substantial gains. For both collective operations at 2048 GCDs, PCCL

achieves speedups of more than 30× over RCCL for 16MB, 32MB, and 64MB message sizes,

respectively! In contrast, for larger message sizes like 512MB and 1024MB, the speedups are

smaller but still significantly high —- 11.4 and 7× for all-gather, and 11.4 and 6.2× for reduce-

scatter. These results underscore PCCL’s strength in latency-bound scenarios and highlight its

ability to scale efficiently to thousands of GPUs.
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Figure 6.10: Performance comparison of all-gather (left plot) and reduce-scatter (right plot) using
Cray MPICH, NCCL, and PCCL, for two per-process buffer sizes (64 and 128 MB) and varying
process counts on Perlmutter.

6.3.1.2 Comparison with Cray-MPICH and NCCL on Perlmutter

We now evaluate PCCL’s effectiveness on Perlmutter, which features NVIDIA A100 GPUs.

Figure 6.10 presents results for all-gather (left) and reduce-scatter (right) operations with mes-

sage sizes of 64MB and 128MB–representing the output buffer sizes for all-gather and input

buffer sizes for reduce-scatter, respectively. We observe similar trends as on Frontier. Both Cray-

MPICH (orange lines) and NCCL (black lines) fall short of ideal scaling, which would appear as

a flat horizontal line. Like RCCL on Frontier, NCCL’s performance begins to degrade noticeably

beyond 128 processes. In contrast, PCCL scales nearly perfectly across both collectives, main-

taining desirable flat performance curves and achieving speedups in the range of 1.3 – 4.6× over

NCCL and 8.8–15× over Cray-MPICH on 1024 and 2048 GPUs!

Figure 6.11 examines how PCCL compares to NCCL across various message sizes and

GPU counts. Similar to RCCL, NCCL outperforms our library in the top-left regions of the

heatmaps, representing bandwidth-bound scenarios. For instance, with 32 processes and a 1024

MB message size, NCCL is nearly 1.5× faster than PCCL. However, as we transition to latency-
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Figure 6.11: Heatmaps showing speedups from using PCCL over NCCL for all-gather (left)
and reduce-scatter (right) on Perlmutter. The speedup is shown as a function of per-process
output/input buffer size (in MB) and process count.

bound regions in the bottom-right corners of the heatmap, PCCL’s advantages become evident.

Around 1024–2048 processes and 16–32MB message sizes, PCCL achieves significant speedups

over NCCL, ranging from 3–5×. While speedups for larger message sizes are smaller, they re-

main notable. For example, at 2048 processes and 128–512 MB message sizes, PCCL is approx-

imately 2–3× faster than NCCL. These results highlight PCCL’s effectiveness in accelerating

collective communication for parallel deep learning – across both extreme scales and diverse

GPU architectures.

6.3.2 Impact on DL Applications’ Performance

Finally, we examine how these communication gains translate into improvements in end-

to-end training performance at scale. The left panel of Figure 6.12 presents the batch times

for strong scaling GPT-3-style transformer training on Frontier using the DeepSpeed ZeRO-3

framework [23]. Green lines represent ZeRO-3 runs with RCCL, the default communication

library and blue lines represent runs with all-gather and reduce-scatter collectives in ZeRO-3

issued with PCCL. At smaller scales (128 and 256 GCDs), both libraries perform comparably.

92



128 256 512 1024 2048
Number of processes (GCDs)

4

6

8
10

15

20

30

40
50
60

T
im

e 
pe

r 
ba

tc
h 

(s
)

Strong scaling performance of DeepSpeed-ZeRO-3 (Frontier)

RCCL (13B)
RCCL (7B)

PCCL (13B)
PCCL (7B)

256 512 1024 2048
Number of processes (GPUs)

2

3

4

5

6

T
im

e 
pe

r 
ba

tc
h 

(s
)

Strong scaling performance of DeepSpeed-ZeRO-3 (Perlmutter)

NCCL (7B)
PCCL (7B)

Figure 6.12: Strong scaling performance of Deepspeed ZeRO-3 using RCCL, NCCL, and PCCL,
on Frontier (left) and Perlmutter (right) for two model sizes: GPT-3 7B and GPT-3 13B.

However, as we scale further, PCCL begins to outperform RCCL. At 512 GCDs, PCCL reduces

batch time by nearly 30% for the 7B model and by 16% for the 13B model. When scaling to 1024

GCDs, RCCL fails to maintain strong scaling and even exhibits increased batch times compared

to 512 GCDs. In contrast, PCCL continues to scale efficiently, delivering a 60% speedup for the

7B model and a 39% speedup for the 13B model. Finally, at 2048 GCDs, although both libraries

show diminishing returns in strong scaling efficiency, PCCL still achieves substantial speedups

(70–80%) relative to RCCL.

We observe similar trends on Perlmutter, as shown in the right panel of Figure 6.12. At 256

GPUs, NCCL outperforms PCCL by approximately 6%. However, as we scale to larger GPU

counts, PCCL begins to outperform NCCL–achieving a 7% speedup at 512 GPUs and a signifi-

cantly higher 20% speedup at 1024 GPUs. All of these results highlight PCCL’s ability to deliver

performance improvements for collective communication across multiple GPU architectures, and

more importantly, translate those gains into meaningful end-to-end speedups for large-scale deep

learning applications.
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Chapter 7: A Hybrid Tensor-Expert-Data Parallelism Approach to Optimize

Mixture-of-Experts Training

Mixture-of-Experts (MoE) is a neural network architecture that adds sparsely activated

expert blocks to a base model, increasing the number of parameters without impacting compu-

tational costs. However, current distributed deep learning frameworks are limited in their ability

to train high-quality MoE models with large base models. This chapter dicusses DeepSpeed-

TED [100], a framework featuring a three-dimensional, hybrid parallel algorithm that combines

data, tensor, and expert parallelism to enable the training of MoE models with 4–8× larger base

models than the current state-of-the-art.

Self Attention
w1
w2

Router

Feedforward 1

Feedforward 2

a1

a2

a1

f1
f2a2

a1

a2

f1

f2

Figure 7.1: A single Mixture-of-Experts (MoE) layer with two “experts” or feedforward blocks.
The input batch has two tokens, w1 and w2. We use the prefixes ‘w’, ‘a’, and ‘f’ to denote the
input activations to the layer, output activations of self-attention and feedforward blocks respec-
tively. Similarly we label each activation with an integer suffix corresponding to its token. Note
that each token is uniquely routed to a single expert by a parameterized routing function.
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7.1 TED: A Hybrid Tensor-Expert-Data Parallel Approach

By adding sparsely activated experts, the Mixture-of-Experts architecture allows us to make

a given neural network, i.e. the base model, arbitrarily large while keeping its computation cost

unchanged. However, merely increasing the number of experts yields diminishing returns in

model generalization beyond 64–128 experts [101]. To build high quality MoEs, it is imperative

that we increase the base model sizes as well as the number of experts [102]. In this section, we

provide an overview of TED, our hybrid parallel approach which combines DeepSpeed-MoE’s

expert [10], MegatronLM’s tensor [39] and ZeRO’s data [23] parallelism, to enable the training

of such MoEs with extremely large multi-billion parameter base models on multi-GPU clusters.

In this work, we use the first stage of ZeRO, which shards the optimizer states across data parallel

GPUs. While further stages of their optimizations (stage-2, 3, offload [103] and infinity [28]) can

support training of larger models, this happens at a cost to performance.

We use the terms non-expert and expert blocks interchangeably with self-attention and

feedforward blocks respectively. Note that TED parallelizes the computation of expert and non

expert blocks in a different manner. This is because expert parallelism is only applicable to the

feedforward blocks of the transformer base model. Thus, TED uses a two dimensional hybrid

of tensor and data parallelism to parallelize the non-expert blocks. Whereas, it utilizes all three

of tensor, expert, and data parallelism for the expert blocks. Under TED, we organize available

GPUs into two different virtual topologies for the non-expert and expert blocks. We illustrate

these topologies in Figure 7.2.

For the non-expert blocks, we maintain a two dimensional (2D) topology of GPUs, one

dimension each for tensor and data parallelism. In this topology, GPUs in a row implement
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Gdata Gdata

Gexpert

exp

2D virtual topology for non-
expert blocks

nonexp

3D virtual topology for expert
blocks

Figure 7.2: TED uses a two dimensional hybrid of tensor and data parallelism to parallelize
the computation of non-expert blocks. Whereas, it utilizes all three of tensor, expert, and data
parallelism to parallelize expert blocks.

tensor parallelism, and we refer to a row of GPUs as a tensor parallel group. Similarly, TED

realizes data parallelism across columns of GPUs, and we refer to these columns as data parallel

groups. Likewise, for the expert blocks, we maintain a three dimensional (3D) topology of GPUs,

one each for tensor, expert, and data parallelism. To form the tensor parallel groups for the expert

blocks, we reuse the tensor parallel groups formed in the 2D topology for the non-expert blocks.

However, we further decompose the data parallel groups of the non-expert blocks into a 2D

topology to form groups for expert parallelism and data parallelism for the expert blocks. We

define Gtensor and Gnonexp
data as the size of the tensor parallel and non-expert data parallel groups

respectively. Similarly, we define Gexpert and Gexp
data as the size of the expert parallel and expert

data parallel groups respectively. Following prior work [23], we always set Gexpert to the number

of experts in the model for performance considerations. Note that given a number GPUs, G , the

following relation always holds true:

Gtensor ×Gexpert ×Gexp
data = Gtensor ×Gnonexp

data = G (7.1)

In Figure 7.3, we illustrate the forward pass of an MoE layer with two experts on four
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GPUs. As mentioned previously, we set Gexpert to the number of experts i.e. 2. The other degrees

of parallelism are Gtensor = 2, Gnonexp
data = 2, Gexpert = 2, and Gexp

data = 1. We partition the

parameters of the self-attention block (non-expert) and the two feed forward blocks (experts)

as per the semantics of MegatronLM’s tensor parallelism and place the first partition on GPUs

0 and 2 and the second partition on GPUs 1 and 3. GPUs (0,1) and (2,3) thus form the two

tensor parallel groups. GPU pairs (0,2) and (1,3) comprise the data parallel groups for the non-

expert parameters. The same GPU pairs however comprise the expert parallel groups for the

expert parameters. The four GPUs individually form singleton data parallel groups for the expert

parameters.
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Figure 7.3: Forward pass of an MoE layer with two experts on four GPUs using TED. We use
a Gtensor × Gnonexp

data = 2 × 2 topology for the non-expert self-attention blocks and Gtensor ×
Gexpert × Gexp

data = 2 × 2 × 1 topology for the expert feedforward blocks. We use the prefixes
‘w’, ‘a’, and ‘f’ to denote the input activations to the layer, output activations of self-attention
and feedforward blocks respectively. Similarly we label each activation with an integer suffix
corresponding to its token. Suffixes TP 1 and TP 2 denote the two tensor parallel partitions of the
attention and feedforward blocks. The input batch consists of four tokens, with tokens 1 and 3
routed to the first expert (colored blue), and tokens 2 and 4 routed to the second expert (colored
yellow).

Let us now discuss how our hybrid parallel algorithm computes the forward pass of an MoE
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layer. As an example, we use an input batch with four tokens (numbered 1-4) in Figure 7.3. The

tensor parallel group of GPUs 0 and 1 compute on tokens 1 and 2, whereas the tensor parallel

group of GPUs 2 and 3 compute on tokens 3 and 4. Each GPU first computes their partition of

the self-attention block ( 1 ) and then issues an all-reduce ( 2 ) to aggregate the complete output

activations (prefixed by ’a’) for their respective tokens. Now, each GPU applies the MoE routing

function to their local tokens ( 3 ). We assume that the routing function maps tokens 1 and 3 to

the first expert i.e. feedforward 1, and tokens 2 and 4 to the second expert i.e. Feedforward 2.

( 4 ) Now, an all-to-all communication primitive is issued in expert parallel groups to route the

tokens as per the mapping decided by the routing function. Let us look at the expert parallel

group of GPUs 0 and 2 to understand this all-to-all communication call. On GPU 0, token 1 has

been mapped to the first expert and token 2 has been mapped to the second expert. Therefore, we

want to retain a1 and send a2 to GPU 2 which houses the second expert. Similarly, on GPU 2,

we want to retain a4 and send a3 over to GPU 0. Note that this communication pattern matches

the semantics of an all-to-all communication primitive exactly. After the all-to-all has completed

each GPU computes their tensor-parallel partitions of the expert feed forward blocks ( 5 ) and

issue an all-reduce to aggregate the complete output ( 6 ). The final all-to-all communication

call in the expert parallel groups ( 7 ) essentially inverts the first all-to-all ( 4 ) and brings back

the tokens to their original GPUs. This is how our three dimensional hybrid parallel approach

computes the forward pass of an MoE layer.

During the backward pass computation proceeds in the reverse direction i.e. ( 7 - 1 ). The

all-to-all communication at 7 and 4 calls are reversed. For example, consider 7 , wherein the

input to the all-to-all on GPU 0 would be gradients of the loss w.r.t. f1 and f2. Similarly for GPU

2, it would be the gradients w.r.t. f3 and f4. Now, after the all-to-all, the outputs on GPU 0
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would be gradients of the loss w.r.t f1 and f3, and on GPU 2 it would be gradients of the loss

w.r.t. f2 and f4. The all-reduce function calls ( 4 , 6 ) are applied to the gradients w.r.t the input

activations instead of the output. For more details about this all-reduce call, we refer the reader

to Narayanan et al. [42]. Note that total amount of communication i.e. two all-reduces and two

all-to-alls is the same as that of the forward pass. Finally, the data parallel groups synchronize

their gradients via another all-reduce call, which completes the backward pass.

7.1.1 A Model for Memory Consumption

We now derive the extent to which TED can increase the base model sizes as compared to

prior work like DeepSpeed-MoE [10], which only employ data and expert parallelism. Following

previous work, we assume that every alternate layer has expert feedforward modules [101, 102,

104]. Let NPbase denote the number of parameters in the base model and E denote the number

of experts. Let G be the number of GPUs. Note that two-thirds of the parameters in the base

model reside in feed-forward blocks, and the remaining one-third in self-attention blocks [42].

Since only half of the feedforward blocks are designated as experts, the total number of expert

parameters, NPexp , in an MoE model are:

NPexp = E × 1

2
×
(
2

3
× NPbase

)
=

E

3
× NPbase (7.2)

Now, the non-expert parameters are comprised of parameters in all the self-attention blocks

and half of the feed-forward blocks. Thus, the total number of non-expert parameters, NPnonexp ,

is

NPnonexp =
1

2
×

(
2

3
× NPbase

)
+

1

3
× NPbase =

2

3
× NPbase (7.3)
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Rajbhandari et al. [23] prove that the lower bound of memory consumption per GPU with

ZeRO stage-1 is
(
4 + 12

Gdata

)
×NPgpu , where Gdata is the degree of data parallelism and NPgpu is

the number of parameters of the model per GPU. Now, we use this formulation to derive a lower

bound on memory consumption per GPU for TED as follows:

Mgpu ≥
(
4 +

12

Gnonexp
data

)
× NPnonexp

gpu +

(
4 +

12

Gexp
data

)
× NP exp

gpu (7.4)

Here, NPnonexp
gpu and NP exp

gpu are the number of expert and non expert parameters per GPU.

As discussed previously, Gnonexp
data and Gexp

data are the degrees of data parallelism for the non-expert

and expert blocks respectively. Now, let us try to derive the values of NPnonexp
gpu and NP exp

gpu ,

starting with the former. MegatronLM’s tensor parallelism divides the parameters of a model

equally among the GPUs in a tensor parallel group. Since the size of a tensor parallel group in

TED is Gtensor , we can write NPnonexp
gpu = NPnonexp

Gtensor
. However, the expert parameters are divided

within both the tensor parallel and expert parallel groups. As discussed previously, we use a

degree of expert parallelism equal to the number of experts i.e. Gexpert = E. Thus, NP exp
gpu =

NPexp

Gtensor×E
. Also, it follows from Equation 7.1 that Gnonexp

data = G
Gtensor

and Gexp
data = G

Gtensor×Gexpert
=

G
Gtensor×E

. Substituting these values in Equation 7.4, we get

Mgpu ≥
(
4 +

12Gtensor

G

)
× NPnonexp

Gtensor

+

(
4 +

12GtensorE

G

)
× NPexp

GtensorE

≥ 4

Gtensor

(
NPnonexp +

NPexp

E

)
+

12

G
(NPnonexp + NPexp)
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Now substituting from Equation 7.2 and 7.3, we get

Mgpu ≥
4

Gtensor

(
2

3
NPbase +

NPbase

3

)
+

12

G
(
2

3
NPbase +

E

3
NPbase)

≥ 4NPbase

Gtensor

+
4(E + 2)

G
NPbase

≥ 4NPbase ×
(

1

Gtensor

+
E + 2

G

)
(7.5)

Equation 7.5 can be used to derive an upper bound on the largest possible base model

size that our framework can train, given enough number of GPUs. Note that as we increase the

number of GPUs involved in training, the second term becomes negligible compared to the first.

This gives us,

Mgpu ≥
4NPbase

Gtensor

=⇒ NPbase ≤
Gtensor

4
×Mgpu (7.6)

Note that substituting Gtensor = 1 in Equation 7.6 gives us the base model upper bound

for Rajbhandari et al. [10], the current state-of-the-art for training MoEs. Thus, we have shown

that our system enables the training of Gtensor× larger base models compared to the previous

state-of-the-art. Note that the maximum degree of tensor parallelism is limited to the number of

GPUs in a node due to performance considerations [42]. Nevertheless, our framework can still

support 4×, 6× and 8× larger base models on Perlmutter, Summit and an NVIDIA-DGX-A100

machine respectively.
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7.2 Memory Savings via Tiling

In the previous section, we provided an overview of how TED distributes the parameters

and the computation of the forward and backward passes across the GPUs. However, a naive

combination of tensor, expert, and data parallelism leads to significant spikes in memory usage

during the optimizer step. Interestingly, the magnitude of this spike becomes worse as we increase

the number of experts and/or the base model sizes. Note that it is important to resolve this issue

so that we are able to fit MoEs with large base models in memory. Below, we discuss this

phenomenon in detail and outline our solution to resolve this issue.

To demonstrate the aforementioned memory usage spike, we profile the memory consumed

per GPU during various phases of training (forward pass, backward pass, optimizer step) for an

MoE model with a 2.7B parameter base model and 32 experts, and show the results in Figure 7.4.

We run this experiment on 32 GPUs of an NVIDIA DGX-A100 cluster with eight GPUs per

node. We set the degree of tensor and expert parallelism to 1 and 32 respectively. This results

in degrees of data parallelism as 32 and 1 for the non-expert and expert blocks respectively. We

observe that memory consumption peaks during the optimizer step with a very significant spike

of around 4.5 GB. An intermediate step in the optimizer phase in mixed precision training is the

up-casting of 16-bit gradients to 32-bit gradients before the optimizer updates the weights. This

requires the creation of a temporary buffer to store the 32-bit gradients and is exactly the reason

why there is a significant increase in memory consumption. In fact, this problem becomes worse

with increasing base model sizes and/or expert counts. Let us now understand why.

TED uses ZeRO stage-1 which reduces memory consumption by sharding the optimizer

states and computation across the data parallel groups. Greater the degree of data parallelism, the
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Figure 7.4: Memory consumption in the various phases of training for an MoE with a 2.7B
parameter base model and 32 experts on 32 GPUs of an NVIDIA DGX-A100 (40 GB) cluster.
We observe a large spike of an additional 4.5 GB in memory usage during the optimizer step
(red), which is significantly reduced to around 1.5 GB by our tiled optimizer (green).

greater the reduction in memory consumption [23]. From the discussion in Section 7.1, we know

that TED employs different degrees of data parallelism for the expert parameters and non-expert

blocks. In fact, it follows from Equation 7.1 that

Gtensor ×Gexpert ×Gexp
data = Gtensor ×Gnonexp

data

Gexpert ×Gexp
data = Gnonexp

data

E ×Gexp
data = Gnonexp

data

Gexp
data =

Gnonexp
data

E
(7.7)

From Equation 7.7, we can conclude that the degree of data parallelism for the expert blocks

is E× less than that for the non-expert blocks. Therefore, ZeRO provides lesser memory savings
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for the expert blocks than the non expert blocks. This is because the optimizer states for the

expert blocks are sharded over E× lesser GPUs. Thus, as E increases each GPU has to process

increasing number of parameters in the optimizer step. This leads to an increase in the size of the

temporary 32-bit gradient buffer required to up-cast the expert parameter gradients. Increasing

the base model size also worsens this problem as the size of the expert parameter group is directly

proportional to the base model size. This is why it is imperative to resolve this issue such that we

can train MoEs with large base models and/or large number of experts.

In this work, we propose a tiled formulation of the optimizer that strives to alleviate the

aforementioned issue. Instead of processing the entire expert parameter group at once, we pro-

pose partitioning these parameters into “tiles” of a predefined size and iteratively processing

these tiles. This ensures that at any given time, temporary 32-bit gradients are only produced

for parameters belonging to a given tile. The temporary memory used to store these gradients

can in fact be reused across tiles. For a tile size ts , we now only need 4 × ts bytes of memory

to materialize the 32-bit gradients. This makes the optimizer memory spike independent of the

number of experts and the base model sizes! In our experiments, we fix the tile size to 1.8 million

parameters, which essentially caps the spike in the optimizer step to 1 GB. We observed that this

tile size is large enough to not cause any performance degradation due to the latency of multiple

kernel launches. In Figure 7.4, we demonstrate how our tiled optimizer reduces the per GPU

peak memory consumption for the aforementioned MoE with a 2.7B parameter base model and

32 experts by 3 GB. In fact, on another MoE with 6.7B parameters and 16 experts on 32 GPUs,

our framework ran out of memory without tiling. Whereas, with tiling enabled, we were able to

successfully train this model with a peak memory consumption of 31.3 GB. Since the maximum

memory capacity of these GPUs is 40 GB, optimizer tiling provides a significant memory savings
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of more than 21.75%!

7.3 Performance Optimizations

In the preceding sections, we focused on increasing the maximum possible size of MoEs

that are supported by our framework. While the memory savings provided by expert and ten-

sor parallelism contribute to this, they also result in a significant portion of the batch time being

spent in expensive collective communication. In Figure 7.3, we can observe that the forward pass

includes two all-reduce calls within the tensor parallel groups, and two all-to-all calls within the

expert parallel groups. During the backward pass, these calls are repeated again. Also, large

model training almost always uses activation checkpointing [77], which significantly reduces ac-

tivation memory at the expense of a duplicate forward pass per layer. Thus, overall we end up

with six all-to-all and six all-reduce communication calls, which become a significant bottleneck

in training. We empirically demonstrate this in Figure 7.5 (leftmost bar titled Baseline), wherein

we observe that almost half of the batch time is spent in the all-to-all and all-reduce communi-

cation calls. We will now describe two performance optimizations that seek to reduce the time

spent in these communications and are extremely critical to the performance of our framework.

7.3.1 Duplicate Token Dropping (DTD) for Reducing Communication Volume

MegatronLM’s tensor parallelism for partitioning self-attention and feed forward blocks

involves issuing an all-reduce on local partial outputs to materialize the full outputs on each

rank [39]. For example, in Figure 7.3, GPUs 0 and 1 issue an all-reduce ( 2 ) after the self-

attention block to assemble the full self-attention outputs for tokens 1 and 2. While, this leads
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Figure 7.5: Impact of our communication optimizations on the batch time of an MoE model with
a 6.7B parameter base model and 32 experts on 128 GPUs of Summit (batch size: 1024). Our
optimizations result in significant reductions of 64.12% and 33% in the all-to-all and all-reduce
time respectively, thereby improving the overall training time by 20.7%.

to duplication of activations across the tensor parallel ranks, it is not an issue for training regular

transformer models (i.e. without experts) as the tensor parallel blocks under MegatronLM’s

algorithm require a complete set of input activations on each tensor parallel rank. Thus the

duplicate activations output by a tensor parallel block serve as the required input for its successor.

However, for MoEs, an unwanted side effect of this design choice is the presence of redundant

tokens in the all-to-all communication calls. For example consider the first all-to-all in Figure

7.3 ( 4 ). Self-attention output activations, a1 and a2, are communicated by both GPUs 0 and 1.

Similarly, GPUs 2 and 3 both communicate a3 and a4. In general, the amount of unnecessary

data in the all-to-all communication calls for a given token is proportional to the degree of tensor

parallelism. Thus, naively combining expert and tensor parallelism can lead to the all-to-all

communication becoming a significant bottleneck, especially as we try to increase the base model

sizes (larger base models need more tensor parallelism). For example, in Figure 7.5, 32% of the

batch time is spent in the all-to-all (leftmost bar titled baseline)! The degree of tensor parallelism

and thus the degree of redundancy in the all-to-alls is four here.

To resolve this bottleneck, we propose duplicate token dropping (DTD), a communication
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optimization geared towards eliminating unnecessary data in the all-to-all communication. We

illustrate the working of DTD in Figure 7.6 for the first all-to-all communication in an MoE layer

( 4 in Figure 7.3). Before the all-to-all is issued, GPUs within tensor parallel groups participate in

a “drop” operation ( 1 in Figure 7.6). The drop operation ensures that the there is no redundancy

in the output activations across the tensor parallel ranks. For instance, GPU 0 drops the activation

of a2 whereas GPU 1 drops the activation a1, thereby completely eliminating redundancy within

their tensor parallel group. Similarly, GPUs 3 and 4 drop a3 and a4 respectively. The drop

operation thus reduces the all-to-all message sizes by two times in this example, and in general

the reduction is equal to the degree of tensor parallelism. However, after the all-to-all, the GPUs

do not have the full input activations to commence the computation of the expert feed forward

blocks. For instance, GPU 0 has the input activations for the token 1, but not for token 3 and

vice versa for GPU 1. Therefore, to assemble the full input activations, we issue an all-gather

call ( 2 in Figure 7.6) between the tensor parallel GPUs. The all-gather ensures that the input

dependencies for the expert feedforward blocks are met.

During the backward pass the all-gather call is replaced by a drop operation and the drop

operation is replaced by an all-gather call. For the MoE model in Figure 7.5, we observe that

DTD reduces the all-to-all communication time by 48%. While the inclusion of DTD leads

to an additional all-gather operation (shown in red on top of the second bar), this overhead is

outweighed by the improvement in the all-to-all communication timing. Overall, DTD results in

an improvement of 13.21% in the batch time.
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Figure 7.6: Duplicate token dropping (DTD) in the first all-to-all communication of an MoE layer
(Steps 3–5 in Figure 7.3). Before the all-to-all, we apply the drop operation, which eliminates
redundant tokens across tensor parallel ranks, and reduces the all-to-all message sizes by the
degree of tensor parallelism. After the all-to-all, GPUs reassemble the full input to the feed
forward blocks by issuing an all-gather between the tensor parallel ranks.

7.3.2 Communication-aware Activation Checkpointing (CAC)

We now turn our attention to a second source of redundant communication in large model

training, namely activation checkpointing [77]. Intermediate activations in a neural network gen-

erated during the forward pass need to be stashed in memory as they are required during the

backward pass for the gradient computation. However, for large model training, storing all the

activations can lead to tremendous memory overhead. Activation checkpointing alleviates this

issue by storing only a subset of the activations, which are essentially just the input activations

of every layer. During the backward pass of a layer, the remaining activations are re-materialized

from its stashed input activation by doing a local forward pass for that layer. Thus, activation

checkpointing saves activation memory at the expense of a duplicate forward pass for every layer,
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and is almost always used for training large neural networks. For more details, we refer the reader

to Chen et al. [77].

We know from Section 7.1 that the forward pass of an MoE layer in TED involves two

all-to-alls and two all-reduce calls in the forward pass and two all-to-alls and two all-reduce

calls in the backward pass. Since activation checkpointing involves repeating the forward pass

of a layer, we now end up with two additional all-to-all and all-reduce calls, thereby increasing

communication volume by 1.5× and making the training process inefficient.

To this end, we propose communication-aware checkpointing (CAC), a communication

optimization that eliminates the additional communication in the second forward pass induced

by activation checkpointing. During the first forward pass, CAC stashes the outputs of each

all-reduce and all-to-all communication call along with the data stashed by standard activation

checkpointing. Now, during the second forward pass, we bypass these communication calls

and instead return the outputs for these communication calls stashed during the first forward

pass. CAC thus reduces the communication volume by 33% at the expense of using extra GPU

memory. For the MoE model in Figure 7.5, CAC indeed reduces the all-to-all and all-reduce

communication times by 33% (compare second and third bars). In combination with DTD, the

reductions in the all-to-all and all-reduce communication times are 64.12% and 33% respectively,

amounting to a speedup of nearly 20.7% over the baseline version of DeepSpeed-TED.

7.4 Results

In this section, we discuss the results of the empirical experiments conducted to study the

scalability of DeepSpeed-TED on the Summit supercomputer.
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7.4.1 Validating Our Implementation

To verify the correctness of DeepSpeed-TED, we train an MoE with a 1.3B parameter base

model and 4 experts on 8 GPUs of ThetaGPU and present the validation loss curve in Figure 7.7.

We set Gtensor = 2, expert = 4, Gnonexp
data = 4, and Gexp

data = 1. This allows us to test the correctness

of our framework in a scenario where all three dimensions of its hybrid parallel approach are

active. We also enable the communication optimizations discussed in Section 7.3 i.e. DTD and

CAC. We observe that our framework is able to successfully train the model to convergence, and

produces identical loss curves to DeepSpeed-MoE, a system that has been previously used to train

state-of-the-art MoE models. In this way, we establish the correctness of our implementation.
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Figure 7.7: Validation loss for an MoE with a 1.3B base model and four experts on eight GPUs
of ThetaGPU on the BookCorpus dataset [6]. We use a batch size of 128 and sequence length of
2048. We set Gtensor = 2, Gexpert = 4, Gexp

data = 1, Gnonexp
data = 4.

7.4.2 Comparison of Supported Model Sizes

Figure 7.9 illustrates the results of our experiment in which we benchmark the largest MoE

models that our framework and DeepSpeed-MoE [10] can train without running out of memory
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Figure 7.8: Strong scaling (with varying number of experts) of MoEs with the 1.3B, 2.7B and
6.7B parameter models in Table 4.1 used as base, on V100 GPUs of Summit. We annotate the
plot with the number of experts used at each GPU count. We sample input batches of sizes 512,
512 and 1024 respectively, from the Pile dataset [9].

for various GPU counts ranging between 32 and 512. We use the base models in Table 4.1.

To make sure that the experiment is fair to both the frameworks we do two things. While our

proposed approach can in theory support arbitrarily large base models by increasing the degree

of tensor parallelism, it is well known that tensor parallelism is extremely inefficient when used

across nodes. Therefore, we only allow our framework to use a maximum tensor parallel degree

of six, which is the number of GPUs on a node of Summit. Second, we limit the largest possible

number of experts to 128 as prior work has demonstrated limited improvements in the statistical

efficiency of a model beyond this number [101].
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Figure 7.9: Largest MoE model sizes supported on various GPU counts on Summit. We construct
MoEs using base models from Table 4.1 and number of experts in the range of 4 to 128. Com-
pared to DeepSpeed-MoE [10], our framework supports 1.09-4.8× larger MoE models, with the
ratio increasing with increasing number of GPUs.

Across the range of GPUs used in this experiment, we observe that DeepSpeed-TED sup-

ports 1.09 − 4.8× larger MoE models than DeepSpeed-MoE. We also observe that this ratio

increases as we increase the number of GPUs. This can be explained by Equation 7.5, which

states that the memory consumption of our approach decreases with increasing number of GPUs.

We observe that beyond 128 GPUs, our proposed framework can train MoEs with hundreds of

billion of parameters on Summit, which is not possible with DeepSpeed-MoE. Thus, we have

empirically demonstrated how our DeepSpeed-TED can enable the development of high quality

MoE models, the parameters of which have been scaled along the base model dimension as well

as the expert dimension.

7.4.3 Strong Scaling Performance

We now discuss the results of our strong scaling experiments, starting with the runs that

varied the number of experts proportional to the number of GPUs. We demonstrate the results for

the 1.3B, 2.7B and 6.7B base models in Figure 7.8. To demonstrate the efficacy of the commu-

112



nication optimizations discussed in Section 7.3, we also benchmark the baseline version of our

framework i.e. with DTD+CAC disabled, and call it DeepSpeed-TED (baseline). Across all the

figures, we observe that augmenting the training procedure with DTD and CAC indeed improves

the hardware efficiency of training. However, while the speedups for the 2.7B and 6.7B parameter

base models are significant: 19 to 23% and 25 to 29% respectively, our communication optimiza-

tions seem to be less effective for the smallest 1.3B base model providing modest speedups of

around 4 to 7%. This is because at the given GPU counts and number of experts, ZeRO’s memory

optimizations and expert parallelism are able to fit this model in memory without the aid of tensor

parallelism. Without tensor parallelism there is no redundancy in the all-to-all communication

(see Section 7.3.1) and thus the DTD communication optimization is of no use in this scenario.

Similarly, without tensor parallelism there is no all-reduce communication ( 2 and 6 of Figure

7.3). Thus, CAC only eliminates the unnecessary all-to-all calls, and is only partially applicable

to this scenario. This explains the reduced effectiveness of our optimizations for the 1.3B base

model.

Unlike the 1.3B base model, the 2.7B and 6.7B model require a tensor parallel degree of 2

and 4 to fit in available GPU memory. The ensuing redundancy in the all-to-all messages and the

introduction of tensor parallelism thus makes our communication optimizations quite effective.

Again, we observe larger speedups for the MoEs using the 6.7B base model (25–29% versus 19–

23%) as a higher degree of tensor parallelism implies more redundancy in the all-to-all messages,

which our optimizations successfully eliminate. It also implies a larger proportion of time spent

in tensor parallel all-reduces which is significantly reduced by CAC.

In our strong scaling runs with fixed number of experts, we observed very similar absolute

times per iteration and relative speedups for all the three models. For brevity, we only include
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the results for the 6.7B parameter base model, and illustrate them in Figure 7.10. We have thus

verified that our optimizations are effective at improving performance in two strong scaling setups

across various base model sizes.
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Figure 7.10: Strong scaling (with number of experts fixed to four) of a MoE with a 6.7B parameter
model in Table 4.1 used as base, on V100 GPUs of Summit. We sample input batches of size
1024 from the Pile dataset [9].

7.4.4 Weak Scaling Performance

We also conduct a weak scaling experiment by fixing the number of experts to 16 and

varying the base model size in proportion with the number of GPUs. We demonstrate the time

per iteration (or batch) and percentage of peak half-precision throughputs for this experiment in

Figure 7.11 and Table 7.1 respectively. Again, we observe a minor speedup of 6% for the 1.3B

base model, and significant speedups of 20%, 25% and 36% for the 2.7B, 6.7B and 13B base

models respectively. Just like the previous section, the progressively increasing effectiveness of

our communication optimizations for larger base models can be explained by the correspondingly

increasing degrees of tensor parallelism - 1, 2, 4, and 8. This creates more redundancy for the

larger models in the all-to-all and increases the net communication volume of the all-reduces.
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Note that while the speedups for the 13B parameter model is significant (36%), the hardware

utilization for this model is extremely low. Even with our optimizations, we are only able to

achieve 11.7% of the peak half-precision flop/s, which is significantly lower than the 1.3B (37%

of peak), 2.7B (30% of peak) and 6.7B (27% of peak) base models. The explanation for this

observation is that a tensor parallel degree of 8 for this model is greater than the number of GPUs

on a Summit node. This experiment corroborates prior work which has observed that Megatron-

LM’s algorithm does not scale well beyond the confines of a node [42, 56].

32
(1.3B)

64
(2.7B)

128
(6.7B)

256
(13B)

# GPUs
(# Parameters in Base Model)

0

40

80

120

160

T
im

e 
pe

r 
ite

ra
tio

n 
(s

)

Weak Scaling with Fixed # Experts - Average Iteration Time

DeepSpeed-TED (baseline)

DeepSpeed-TED

Figure 7.11: Average time per iteration (left) for a weak scaling study of MoE models with 16
experts on Summit. Base models and batch sizes are taken from Table 4.1.

Table 7.1: Percentage of peak half precision throughput for a weak scaling study of MoE models
with 16 experts on Summit. Base models and batch sizes are taken from Table 4.1.

Base Model Size Throughput
# GPUs (# Parameters) (% of peak)

32 1.3B 36.7
64 2.7B 30.0

128 6.7B 26.2
256 13.0B 11.7
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