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Inter-layer parallelism
• Assign entire layers to different processes/GPUs

• Ideally map contiguous subsets of layers 

• Point-to-point communication (activations and gradients) between processes/GPUs 
managing different layers

• Use a pipeline of mini-batches to enable concurrent execution

2

Intra-layer parallelism: divides the computation of each
layer of the neural network on multiple GPUs. Each GPU
is responsible for partially computing the output activation
of a layer. These partial outputs are pieced together using a
collective communication primitive like all-gather or all-reduce
to be used for the computation of the next layer. For example,
Megatron-LM [2], [5] shards the various matrix multiplications
of a transformer [11] layer across GPUs. While saving
memory, it is prohibited by expensive collective communication
after computing the output activations. Typically, intra-layer
parallelism cannot scale efficiently beyond the confines of
GPUs inside a node connected via a high-speed inter-connect
like NVLink [5].

Inter-layer parallelism: divides the layers of a neural network
among worker GPUs. To achieve parallelism, an input batch
is divided into smaller microbatches. Forward and backward
passes for different microbatches can thus proceed on different
GPUs concurrently. Inter-layer parallelism is often called as
pipelining and the set of GPUs implementing it are called the
pipeline. Prior work has shown that inter-layer parallelism is
inefficient for a large number of GPUs in the pipeline due
to an increase in the idle time in the pipeline [5]. Figure 1
illustrates the working of inter-layer parallelism.
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Fig. 1. Inter-layer parallelism on four GPUs. The green and yellow boxes
represent the forward and backward passes of a microbatch respectively. The
numbers inside each box represent the microbatch number. We assume that
the backward pass takes twice as much time as the forward pass.

Hybrid parallelism: Data parallelism is often combined
with either or both of intra-layer or inter-layer parallelism
to realize hybrid parallelism. For example, Megatron-LM [5]
and DeepSpeed [12], [6] combine all three forms of parallelism
to train large transformer neural networks [11] at extreme scale.
This form of parallelism has been called 3D parallelism in
literature. Prior work [15], [5] has shown 3D parallelism as
the fastest method for training large scale neural networks.

III. DESIGNING A 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.

A. 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 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 2. 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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Fig. 2. 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.r~✓
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) 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 [16]
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Fig. 2. 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.r~✓
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) 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 [16]

Pipeline parallelism



Abhinav Bhatele (CMSC828G)

Data + inter-layer parallelism
• 2D hybrid parallelism: data + inter-layer with pipelining
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Hybrid parallelism

• Using two or more approaches together in the same parallel framework

• 3D parallelism: use all three

• Popular serial frameworks: pytorch, tensorflow

• Popular parallel frameworks: DDP, MeshTensorFlow, Megatron-LM, ZeRO, AxoNN
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Hybrid data + X parallel approach
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parallelism

• In general, you can combine 
all of data + tensor 
+pipeline (+ expert) 
parallelism
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3.1 Deep Learning

Deep learning is a family of machine learning algorithms characterized by the usage of artificial neural
networks (ANNs) as function approximators. As the name suggests, ANNs are inspired by the functioning
of the human brain. The last decade has seen ANNs applied very widely in a variety of fields like computer
vision, natural language processing, bioinformatics, drug design, speech and audio recognition with results
often surpassing the state of the art and in some cases even human expert performance. While, neural
network architectures and training algorithms have existed for decades, it was only in the last few years that
deep learning has rose to prominence, primarily due to the following reasons: (1) increased computational
power via GPGPU hardware accelerators, and (2) availability of large amounts of data.

Artificial Neural Networks ANNs are parameterized function approximation algorithms, and are inspired
by biological neural networks. An ANN is a collection of artificial or simulated neurons (Figure 1 (left)),
each of which is a node in a directed, weighted graph. Each link has a weight which represents the strength
of one node’s influence over another. All of these weights taken together are the parameters of the neural
network. Thus, the words weights and parameters can be used interchangeably. Neural networks learn by
processing known inputs and outputs, and adjusting weight associations between the two to reduce error.
The activation of each neuron is the weighted sum of its inputs from neighboring neurons weighted by the
link weights followed by a non-linear function like sigmoid. The initial input is external data and output
accomplishes the designated task such as prediction.
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Figure 1: A single neuron (left) and an example artificial neural network (right).

Layer In deep learning, neurons are typically organized into layers. A layer computes a parameterized
non-linear transform of it’s input. Often, the layers are connected in a straight-chain with the ith layer op-
erating on the output of the (i � 1)th layer and the first layer operating on the input dataset. The “deep”
in deep learning stems from the usage of multiple layers essentially increasing the depth of the neural net-
work. Figure 1 (right) shows how neurons organized into different layers are connected to each other. It is
through the use of multiple layers that neural networks are able to learn very useful feature representations
of the input automatically [45].

Learning/Training and Loss Learning or Training is defined as the task of selecting the weight values
which can accurately compute the function that the neural network has to approximate. This is done by
posing the problem as a parameterized optimization of a scalar proxy called the loss. The loss is designed
in a way such that minimizing it leads to accurate function approximation.

Backpropagation Backpropagation is the algorithm by which the gradients/derivatives of the loss w.r.t. the
weights are calculated. Gradients are calculated in the reverse topological order starting from the final layer,
i.e. if layer i consumed the output of layer j, then layer i’s weight gradients are calculated first and used in
the calculation of layer j’s weight gradients. This backward flow of gradients in the layers lends the name
backpropagation to this process.
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vision, natural language processing, bioinformatics, drug design, speech and audio recognition with results
often surpassing the state of the art and in some cases even human expert performance. While, neural
network architectures and training algorithms have existed for decades, it was only in the last few years that
deep learning has rose to prominence, primarily due to the following reasons: (1) increased computational
power via GPGPU hardware accelerators, and (2) availability of large amounts of data.

Artificial Neural Networks ANNs are parameterized function approximation algorithms, and are inspired
by biological neural networks. An ANN is a collection of artificial or simulated neurons (Figure 1 (left)),
each of which is a node in a directed, weighted graph. Each link has a weight which represents the strength
of one node’s influence over another. All of these weights taken together are the parameters of the neural
network. Thus, the words weights and parameters can be used interchangeably. Neural networks learn by
processing known inputs and outputs, and adjusting weight associations between the two to reduce error.
The activation of each neuron is the weighted sum of its inputs from neighboring neurons weighted by the
link weights followed by a non-linear function like sigmoid. The initial input is external data and output
accomplishes the designated task such as prediction.
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Figure 1: A single neuron (left) and an example artificial neural network (right).

Layer In deep learning, neurons are typically organized into layers. A layer computes a parameterized
non-linear transform of it’s input. Often, the layers are connected in a straight-chain with the ith layer op-
erating on the output of the (i � 1)th layer and the first layer operating on the input dataset. The “deep”
in deep learning stems from the usage of multiple layers essentially increasing the depth of the neural net-
work. Figure 1 (right) shows how neurons organized into different layers are connected to each other. It is
through the use of multiple layers that neural networks are able to learn very useful feature representations
of the input automatically [45].

Learning/Training and Loss Learning or Training is defined as the task of selecting the weight values
which can accurately compute the function that the neural network has to approximate. This is done by
posing the problem as a parameterized optimization of a scalar proxy called the loss. The loss is designed
in a way such that minimizing it leads to accurate function approximation.

Backpropagation Backpropagation is the algorithm by which the gradients/derivatives of the loss w.r.t. the
weights are calculated. Gradients are calculated in the reverse topological order starting from the final layer,
i.e. if layer i consumed the output of layer j, then layer i’s weight gradients are calculated first and used in
the calculation of layer j’s weight gradients. This backward flow of gradients in the layers lends the name
backpropagation to this process.
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