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ABSTRACT

Large language models (LLMs) are ubiquitously powerful
but prohibitively expensive to train, often requiring thou-
sands of compute devices, typically GPUs. To reduce the
cost of training LLMs for customers, Amazon Web Services
(AWS) launched the Amazon EC2 trn1 instances, powered
by AWS TRAINTUM, an Amazon’s homegrown deep learning
accelerator, as an alternative to distributed LLM training.
The trn1 instances provide a high-performance LLM train-
ing solution at a lower cost compared to their GPU-based
counterpart, the p4d instances, which are powered by Nvidia
A100 GPUs. This paper describes the design and development
of the Neuron Distributed Training Library, a component
of the AWS Neuron SDK, which enables distributed train-
ing of large language models on AWS TRAINIUM. Neuron
Distributed Training Library supports a variety of existing
distributed training techniques with unified interfaces, and
provides features to address trni-specific challenges as well.
Our evaluation shows that trn1 instances, specifically the
trni1.32xlarge, achieve better or comparable performance (up
to 24.6% improvement) while offering significant lower costs
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(up to 46.3% cost saving) in selected workloads when com-
pared to p4d.24xlarge instances. As a result, AWS TRAINTUM
has been adopted for training numerous external and in-
ternal models, showcasing its high-performance and cost-
effectiveness. Several supported open-source LLMs are ac-
cessible via HuggingFace Optimum Neuron.
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1 INTRODUCTION

Large Language Models (LLMs) have demonstrated their ef-
fectiveness in a variety of challenging problems in natural
language processing and related fields, including text/code
generation, business consultation, and medical applications.
As performance continues to rise, the model sizes of LLMs
are also on the ascent. PaLM [13] has 540 billion parameters,
which is a 360X increase over GPT2 [40] that was released
three years earlier. As model sizes increase, training LLMs
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demands significant hardware resources and time costs. A
typical way to train an LLM is to rely on the cloud providers.
For example, Falcon 180B foundation model was trained on
Amazon Web Services (AWS) using a cluster of up to 4096
Nvidia A100 GPUs for about 7 million GPU hours [21]. While
technically feasible, training LLMs on GPUs becomes pro-
hibitively expensive and may encounter capacity issues due
to insufficient GPU supplies. Specialized deep learning accel-
erators [11, 12, 24] are the alternative way to train models,
with hopefully better performance and less cost compared
to the general-purpose GPUs. However, very few of them
become popular and helpful in the LLM regime.

To better help customers process deep learning workloads,
AWS started to build its own deep learning accelerators
back in 2016. The homegrown accelerators are equipped
to Amazon EC2 instances to accelerate deep learning work-
loads. Most recently, AWS launched trn1 instances, pow-
ered by AWS TRAINIUM, to tackle LLM training. This pa-
per shares the experience of developing and optimizing dis-
tributed LLM training on Amazon EC2 trn1.32xlarge (trnl)
instances, to fully utilize the available compute power for
high-performance LLM training with lower cost. The trn1
was designed to be the counterpart of p4d.24xlarge (p4d) with
NVIDIA 40GB A100 GPUs. Both trn1 and p4d offer compara-
ble per-instance computational power and onboard memory
capacity, as detailed in §3.2. We compare trnl1 against p4d
throughout the paper.

Each trn1 instance consists of 16 AWS TRAINIUM acceler-
ators, the AWS-homegrown deep learning accelerator opti-
mized for high-performance training. AWS TraINTUM adopts
the design of leveraging systolic arrays [28], which are well
known to provide great compute throughput for matrix op-
erations, the dominating operation in deep learning models.
AWS TRAINTUM also pairs systolic arrays with local scratch-
pad memory for their high performance, simple regular de-
sign and good data reuse. Similar designs have also been used
by some existing popular deep learning accelerators [12, 25].
The details of the TRAINIUM architecture and the trn1 speci-
fication will be discussed in §3.

Along with AWS TraiNnTuM, AWS NEURON comes as a Soft-
ware Development Kit (NEuroN SDK) to facilitate the devel-
opment on the accelerators. It supports customers through-
out their end-to-end deep learning development cycle, en-
abling them to build, train, optimize, and deploy models
for production. In the context of distributed LLM training,
Neuron SDK takes in a user-provided model, makes dis-
tributed decisions based on the available model and cluster
specifications, and compiles the model for execution on trnl.
The current NEUrRON SDK consists of four components: a
Distributed Training Library, a Framework Extension, a Com-
piler, and a Runtime. Neuron Distributed Training Library
(NxDT) provides the distributed training interfaces to the
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users, while Neuron Framework Extension (NFE), Compiler,
and Runtime manage model code conversion, compilation,
and execution seamlessly. The primary emphasis of this pa-
per, distributed LLM training, centralizes the design and
implementation of NxDT, with additional attention given to
introducing essentials from NFE, Compiler, and Runtime.

We make the following design goals of NxDT by work-
ing backwards from our customers’ needs and the trnI’s
hardware specifications:

Support existing distributed training techniques. Most
of our distributed training customers target transformer-
based [52] LLMs, such as LLAMA2 [51] and GPT [7, 40].
Existing distributed training techniques, such as 3D paral-
lelism [34, 60], are proved to be effective to distributed LLM
training on GPUs and should be supported by NxDT.

Require minimum porting efforts from GPU. A signifi-
cant number of our customers require the porting of their
custom models and training scripts, initially designed for
GPU instances, to run on trn1. The customers prefer minimiz-
ing the efforts involved in porting the models and training
scripts from GPU to AWS TRAINIUM, ideally reusing their
own models and training scripts used on GPUs.

Address hardware-specific challenges. While trn1is com-
parable to p4d in terms of per-instance computation power
and memory capacity (details in §3), it’s worth noting that
trnl is powered by a greater number of accelerators, each
with less individual computation power and memory capac-
ity. The hardware difference results in distributed training
features that are tailored specifically to trnl.

We build the NxDT based on the above design goals. NxDT
supports a variety of existing distributed training techniques,
e.g., 3D parallelism, selective activation checkpoint and se-
quence parallelism [27]. To minimize the porting efforts from
GPU, NxDT provides unified interfaces to port users’ models
and training scripts on trnl. Customers can access the vari-
ous supported distributed training techniques by wrapping
the model and optimizer with corresponding customized con-
figurations in a unified manner. Furthermore, NxDT provides
distributed training features to address hardware-specific
challenges. For example, NxDT supports Tensor Parallelism
(TP) with mixed degrees to shard models with certain parts
that are not compatible with large TP degree.

Our design and implementation of the NxDT enable dis-
tributed LLM training via AWS TRAINTUM. We have utilized
trnl1 to train a number of external and internal models, show-
casing its high-performance and cost-effectiveness compared
to p4d. In addition, we offer support for a variety of open-
source models through HuggingFace Optimum Neuron!. In
this paper, we report the performance results on five dis-
tributed training workloads of LLAMA2 and GPT models

Thttps://huggingface.co/docs/optimum-neuron/index
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with the number of model parameters up to 175 billion. We
compare the performance of running those workloads on trni1
instances against that on p4d instances. In the 32-instance
distributed training experiments, the Model Floating Point
Operations per Second per Instance of trn1 outperforms that
of p4d by up to 24.6%, and furthermore trni achieves 29.1%
- 46.3% cost savings across the five workloads. In terms of
scaling efficiency, trn1 achieves comparably or better strong
scaling efficiencies compared to p4d when scaling up to 64
instances, i.e., 1024 AWS TRAINIUM accelerators.

In summary, this paper shares the experience of develop-
ing and optimizing distributed LLM training on Amazon EC2
trn1 instances. In the rest of the paper, we first introduce the
background of existing distributed training techniques used
on GPUs in §2. The same techniques are applied to AWS
TraINTUM. We then introduce the architecture of TRAINTUM
and the specifications of Amazon EC2 trn1 instance in §3.
We then provide an overview of NEURON SDK, along with
the introduction of its essential components in §4. We dis-
cuss the design and implementation of NxDT in §5. After
that, we present the evaluation result in §6. We discuss the
lessons learned, limitations, future works, customers and
other workloads in §7. In the end, we discuss the related
works in §8 and conclude in §9.

2 BACKGROUND

In this section, we discuss the existing distributed training
techniques that facilitate the efficient training of LLMs on
GPUs, which are also applicable to AWS TRAINTUM.

3D Parallelism. Megatron-LM’s 3D parallelism [34] com-
bines data, pipeline, and tensor parallelism to efficiently train
LLMs on distributed systems. With Data Parallelism (DP),
each accelerator has a replicated full model weight and pro-
cesses a different subset of the input dataset concurrently.
The gradients are aggregated among accelerators periodi-
cally to ensure the consistency of the model weights. With
Pipeline Parallelism (PP), the layers of a model are sharded se-
quentially into distinct stages, each of which is executed on a
different accelerator simultaneously. With Tensor Parallelism
(TP), individual layers of a model are sharded over multiple
accelerators, thus certain tensor operations are distributed
and computed across multiple accelerators in parallel. When
implementing TP in attention layers, attention heads are
distributed across different TP ranks [47], thus necessitating
that the number of heads be divisible by the TP degree.

Reducing Activation Memory Footprint. Selective Ac-
tivation Checkpoint and Sequence Parallelism [27] are pro-
posed to reduce the activation memory footprint during LLM
distributed training. Instead of storing activations for all lay-
ers during forward pass or recomputing activations for all
layers during backward pass, selective activation checkpoint
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selectively stores and recomputes activations for certain lay-
ers. Selective activation checkpoint reduces training memory
footprint while preserving training performance simultane-
ously. Sequence parallelism parallelizes certain computation
in the sequence dimension to reduce the activation memory
footprint. Specifically, sequence parallelism targets the com-
putation in the non-tensor parallel regions of transformer
layers, such as LayerNorm and Dropout.

ZeRO. Zero Redundancy Optimizer (ZeRO) [41] extends
Data Parallelism by sharding training states, such as model
weights, gradients and optimizer states, onto multiple ac-
celerators. ZeRO supports different levels of sharding and
memory reduction. When ZeRO-1 is applied, the optimizer
states are partitioned across the processes, and each process
updates only its own optimizer partition. Since 3D Paral-
lelism shards the model and ZeRO-1 shards the optimizer
states, users can apply both 3D Parallelism and ZeRO-1 si-
multaneously as needed.

3 NEURON HARDWARE ARCHITECTURE

This paper focuses on the distributed LLM training on Ama-
zon EC2 trnlinstances, which are powered by AWS TRAINIUM
accelerators. In this section, we first introduce the architec-
ture of a TRAINTUM accelerator (§3.1), and then present the
specification of an EC2 trn1 instance with the comparison
with that of its GPU Counterpart, i.e., EC2 p4d instance (§3.2).

3.1 Trainium Architecture

Figure 1 shows the hardware architecture of a TRAINTUM
accelerator. Each TRAINTUM accelerator consists of two Neu-
ronCores. Each NeuronCore is a fully-independent heteroge-
neous compute unit, which consists of four compute engines

(Tensor/Vector/Scalar/GPSIMD Engines), and one on-chip

software-managed scratchpad memory.

e Tensor Engine is based on a power-optimized systolic-array,
which is highly optimized for tensor computations, e.g.,
general matrix multiply, convolution, reshape, and trans-
pose. The Tensor Engine also supports mixed-precision
computations. Each Tensor Engine delivers over 90 TFLOPS
of FP16/BF16 tensor computations.

o Vector Engine is optimized for vector computations, in
which every element of the output is dependent on multi-
ple input elements, e.g., layer normalization and pooling
operations. Each Vector Engine delivers 2.3 TFLOPS of
FP32 computations.

e Scalar Engine is optimized for scalar computations, in
which every element of the output is dependent on one
element of the input, e.g., activation functions. Each Scalar
Engine delivers 2.9 TFLOPS of FP32 computations.

o General-Purpose-Single-Instruction-Multiple-Data (GPSIMD)
Engine consists of eight fully programmable 512-bit wide
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Figure 1: TRAINIUM accelerator hardware architecture.
Each TRAINTUM accelerator has two NeuronCores. Each
NeuronCore consists of four compute engines and one
scratchpad memory. The scratchpad memory of each
NeuronCore connects with a high bandwidth memory.
The NeuronLink is responsible for device-to-device
interconnection.

general-purpose processors, which can execute straight-
line C-code, and have direct access to the other NeuronCore
engines, as well as the on-chip scratchpad memory. With
the GPSIMD engine, developers can implement custom-
operators and execute them on the NeuronCore engines.

e Scratchpad Memory is a 24MB software-managed on-chip
Static Random Access Memory (SRAM) in each Neuron-
Core. Maintaining data locality in the scratchpad memory
is the key to maximize the computation performance.
Inside each TRAINTUM accelerator, two High Bandwidth

Memory with 16 GB capacity, are connected to NeuronCores’

scratchpad memory through direct memory access with 820

GB/s bandwidth. The NeuronLink, responsible for accelerator-

to-accelerator interconnect, enables scale-out training via

communication between different TRAINTUM accelerators.

3.2 trni Specification

trnl and p4d are two popular Amazon EC2 instances used
for LLM training in AWS. Table 1 shows the instance specifi-
cation comparison between trni and p4d. The accelerators in
trnland p4d are TRAINTUM (with two NeuronCores each) and
NVIDIA A100 GPU, respectively. While each TRAINTUM has
less computation performance and memory capacity than
A100 GPU (190 vs 312 BF16/FP16 TFLOPS), the total per-
instance accelerator computation performance and memory
capacity of trn1is larger than that of p4d: each trn1 consists
of 16 TRAINIUM accelerators, i.e., 3040 BF16/FP16 TFLOPS
and 512 GB accelerator memory per instance, while each p4d
consists of 8 A100 GPUs, i.e., 2496 BF16/FP16 TFLOPS and
320 GB accelerator memory per instance. The accelerator-to-
accelerator bandwidths of TRaiNTUM and the NVIDIA A100
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Table 1: EC2 instance specification comparison be-
tween trnl and p4d.

Accelerator Type Trainium Device | A100 GPU
BF16/FP16 TFLOPS 190 312
Onboard Memory (GB) 32 40
Accelerator-to-accelerator
(GB/sec/accelerator) 384 600
Instance Type trni p4d
# Accelerator 16 8
BF16/FP16 TFLOPS 3040 2496
Onboard Memory (GB) 512 320
Network
Bandwidth (Gbps) 800 400
Price ($/hour) 21.5 32.77

GPU are 384 and 600 GB per second per accelerator, respec-
tively. It is noteworthy that the ratio of BF/FP16 TFLOPS to
accelerator-to-accelerator bandwidth for TRAINTUM is simi-
lar to that of the NVIDIA A100 GPU. The network bandwidth
of trn1 (800 Gbps) also doubles that of p4d (400 Gbps). Fur-
thermore, the on-demand price per hour of trni1 ($21.5) is
around two thirds of that of p4d ($32.77), making trn1 more
cost effective.

4 AWS NEURON SDK

In this section, we first provide an overview of NEuron SDK
(§4.1), then introduce the following three components: Neu-
ron Framework Extension (§4.2), Compiler (§4.3), and Run-
time (§4.4). NxDT will be discussed in the next section (§5).

4.1 Overview

AWS Neuron is a software development kit (SDK)? enabling
high-performance deep learning acceleration using AWS
TraintuM. With NEuron SDK, one can develop, profile, and
deploy high-performance deep learning workloads on top of
EC2 instances with AWS TRaINTUM such as trn1. Distributed
LLM training workload is a major focus in NEuron SDK.
Neuron SDK consists of four major components in a top-
down order: Neuron Distributed Training Library (NxDT),
Neuron Framework Extension (NFE), Neuron Compiler and
Neuron Runtime. Figure 2 illustrates the overview of dis-
tributed LLM training workflow on TRAINIUM using Neuron
SDK, showcasing the close collaboration of all four compo-
nents. The user’s training script first invokes NxDT to apply
distributed training techniques (step @)); NFE traces the pro-
cessed script (step @), generates computation graphs, and
sends them to Neuron Compiler (step @)); Neuron Compiler
compiles the computation graphs into Neuron Executable
File Format files (NEFFs) and sends NEFFs back to NFE (step

2Neuron SDK have been publicly available at https://github.com/aws-
neuron, including the libraries for distributed training and inference.
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Figure 2: Neuron distributed training overview.

©); NFE then sends the compiled NEFFs along with the
inputs to Neuron Runtime (step @); after that, Neuron Run-
time loads the NEFFs, generates binary instructions, and exe-
cutes those binary instructions with the inputs on TRAINIUM
(step @); at last the results will be propagated to the user
(step o). In this section, we briefly discuss NFE, Compiler,
and Runtime, while leaving NxDT, the one that is directly re-
lated to distributed LLM training, to be elaborated in details
in §5.

4.2 Neuron Framework Extension

NFE allows different existing deep learning frameworks, e.g.,
PyTorch [39], Tensorflow [1], and JAX [6], to interact with
Neuron software components and to operate AWS TRAINTUM.
To support different frameworks, models implemented in
different frameworks are first lowered to unified computa-
tion graph representations, which then are sent to Neuron
Compiler. In our current implementation, NFE leverages
the computation graph representations in XLA [38]. One
of the main advantages of XLA is that it has been already
natively integrated into the leading deep learning frame-
works, e.g., PyTorch, TensorFlow, and JAX, and thus allows
NEURON SDK to enable multiple entry points into TRAINIUM.

Some frameworks, such as PyTorch, execute their com-
putations in “eager” mode [50], i.e., computations are exe-
cuted operation-by-operation sequentially in a define-by-run
manner, which makes compiler-based solutions less efficient.
More specifically, the eager execution model does not allow
for significant compiler-based optimization opportunities
across operations. To address the issue incurred by eager
mode execution, NFE inherits the LazyTensor [49] technique
from PyTorch. With LazyTensor, the whole computation is
split into multiple computation graphs by inserting barriers
automatically or manually. Operations are traced into a com-
putation graph first, and the compilation and execution of
the traced computation graph are triggered when encoun-
tering a barrier. The LazyTensor allows Neuron Compiler
to get triggered when hitting a barrier, and then optimize

the entire traced computation graph across multiple oper-
ators. In addition, NFE employs a NEFF cache of compiled
computation graphs to avoid redundant compilations. The
NEFF cache stores compiled NEFFs on disk during the just-in-
time (JIT) compilation process. Given the repetitive nature
of deep learning training workloads, the majority of JIT com-
pilations occur during the initial training steps. The NEFF
cache indexes these compiled NEFFs using the hash value of
the computation graph and operates without an eviction pol-
icy. If a traced computation graph has been compiled before,
i.e., the compiled NEFF exists in the cache, NFE just fetches
the NEFF in the cache instead of recompilation.

4.3 Neuron Compiler

In order to achieve high performance, NEuroN SDK uses JIT
compilation to process the model for a full stack optimization.
Neuron Compiler processes computation graphs as soon as
they become available from the framework, without an ex-
plicit compilation step. The first compilation phase is a graph
optimizer for hardware-agnostic optimizations, like opera-
tor fusion and common sub-expression elimination. After
graph compilation, each operator in the computation graph
is represented in a loop format, and the compiler moves into
its loop optimization phase. In this phase, the most optimal
layout of each tensor is identified, followed by a sequence
of loop transformations like tiling, vectorization, pipelin-
ing, and more. At the end of this phase, the inner loops are
mapped into hardware intrinsics, which are executable by the
accelerator. Finally, in the last step, memory allocation and
instruction scheduling are performed to efficiently manage
hardware resources. The memory allocator aims to mini-
mize data movement by keeping data local in the on-chip
memories, while the instruction scheduling reorders instruc-
tions to achieve a high level of instruction level parallelism.
Ultimately, the Neuron compiler compiles the computation
graphs generated by NFE into NEFFs.
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4.4 Neuron Runtime

Neuron Runtime loads compiled NEFFs for execution on our
accelerators. Running on instances, Neuron Runtime con-
sists of kernel driver and C/C++ libraries, which provide
APIs to access the TRAINIUM accelerator. In addition to NEFF
execution, Neuron Runtime also provides interfaces for mon-
itoring hardware health and performance to profile compute
performance and collect execution statistics.

It is worth noting that Neuron Runtime employs asyn-
chronous execution to reduce the framework level overhead
incurred by the current LazyTensor implementation in Py-
Torch. In the current PyTorch LazyTensor implementation,
the execution of the current computation graph can overlap
with the tracing of the next computation graph to reduce
the tracing overhead. However, only after the execution of
the current computation graph finishes can the execution of
the next computation graph start, even if the barrier of the
next computation graph has been hit and the graph tracing
finishes. In other words, while there is an executing graph, at
most one more graph can be traced. If the current executing
graph is large and the next graph is small, the LazyTensor
system remains idle after tracing the next small graph and
waits for current large graph execution, which wastes the
opportunity of tracing more graphs further. To mitigate this
limitation, Neuron Runtime returns to the LazyTenor system
immediately and executes the graph in background, thus the
LazyTensor system keeps tracing following graphs regardless
of the completion of the current executing graph.

The asynchronous execution achieves up to 119% perfor-
mance improvement in our evaluation, as shown in §6.5. The
total number of computation graphs that can be traced while
a graph is executing in background is configurable to users.
Based on our experience, we trace a larger number of graphs
in the background when pipeline parallelism is employed.
However, we must ensure that this number does not lead to
CPU out-of-memory errors, as tracing more graphs increases
CPU memory consumption.

5 NEURON DISTRIBUTED TRAINING
LIBRARY

On top of NFE, Neuron Compiler, and Neuron Runtime, we
build NxDT to support distributed LLM training. This section
introduces the design and implementation of NxDT. We first
present the supported features (§5.1) of NxDT. Then we
especially discuss two unique features in NxDT: Automatic
Pipeline Stage Partition (§5.2) and Tensor Parallelism with
Mixed Degrees (§5.3). Lastly, we show a script example that
uses NxDT for training (§5.4).
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Table 2: Neuron Distributed Training Library Features

Cat . Feat Model
ategories eatures Change?

Data Parallelism NO
Tensor Parallelism YES
Existing Distributed Pipeline Parallelism NO
Training Techniques ZeRO-1 NO
Selective Activation Checkpoint YES
Sequence Parallelism YES
. Model and Optimizer Wrappers NO
Unified Interfaces Automatic Pipeline Stage Partition NO
. TP with Mixed Degrees YES
Trnl-specific Features Model Initialization on TRAINTUM NO
‘ Other ‘ Attention Head Padding ‘ NO

5.1 Features

NxDT supports a variety of existing distributed training tech-
niques mainly targeted transformer-based models [52]. Our
library supports 3D parallelism [34], i.e., Tensor Parallelism
(TP), Pipeline Parallelism (PP), and Data Parallelism (DP),
which is used by the most of existing LLM training [7, 51, 54].
To reduce the activation memory footprint during training,
selective activation checkpoint and sequence parallelism [27]
are naturally supported with the 3D parallelism. TP and PP
shard the model parameters and gradients. We also support
Zero Redundancy Optimizer Stage 1 (ZeRO-1) [41] to shard
optimizer states. 3D parallelism and ZeRO-1 can be applied
simultaneously during training.

NxDT provides unified interfaces to port users’ models and
training scripts on trnl. To facilitate this, NxDT offers model
and optimizer wrappers. Users can apply the required dis-
tributed training techniques by wrapping their customized
models and optimizers with the corresponding configura-
tions. Different parallelism strategies may necessitate dis-
tinct optimization boundary operations and checkpoint sav-
ing/loading schemes. For instance, when ZeRO-1 is applied,
optimizer state synchronization and sharding are required at
the optimization boundary and during checkpoint operations.
Leveraging the model and optimizer wrappers, NxDT auto-
matically handles these optimization boundary operations
and checkpoint procedures based on the applied distributed
training techniques. Furthermore, NxDT features automatic
pipeline stage partitioning, which will be discussed in §5.2,
to minimize the effort required when implementing pipeline
parallelism.

NxDT also provides distributed training features that are
tailored specifically to trn1. For example, NxDT supports TP
with mixed degrees, which will be discussed in §5.3, i.e., users
can employ multiple TP degrees to shard different model
parameters. As a trnl is equipped with 32 NeuronCores, the
distributed training on trn1 may set TP degree to 32 for large
models, e.g., LLAMA2-70B and GPT-175B in our practice,



Distributed Training of Large Language Models on AWS Trainium

to maximize the intra-instance bandwidth for TP. TP with
mixed degrees is used to handle the case when the LLM has
some model parts are not compatible with a large unified TP
degree, e.g., when the Grouped Query Attention (GQA) [2]
is applied, a unified TP degree of 32 to the whole model may
not be applicable.

Additionally, trn1 is significantly more prone to encoun-
tering host Out-of-Memory (OOM) issues, as a single trni
instance has 32 NeuronCores, meaning 32 models may be
initialized on the host simultaneously. To address this, NxDT
supports model initialization on TRAINTUM, which material-
izes the model weights after the empty model in the host has
been moved to TRAINIUM, thus avoiding host OOM.

NxDT also supports attention head padding to make the
number of attention heads divisible by the TP degree. This
is important for achieve the best TP efficiency but the model
architecture may not design with it in mind. For example,
Falcon-7B [3] has 71 attention heads in a transformer layer,
which prevents applying TP with degree 8. In our practice
of training Falcon-7B, the number of attention heads are
padded to 72.

We implemented NxDT by extending PyTorch due to its
widely usage in existing libraries, e.g., Megatron-LM/NeMo [27,
34, 47], DeepSpeed [41, 42], and FSDP [57]. Table 2 lists the
features supported by NxDT as discussed above. The first col-
umn in Table 2 shows the four categories of the features, the
second column shows each feature, and the last column in-
dicates whether the feature requires manual model changes
by users. Among all the supported features, only TP (with
Mixed Degrees), Selective Activation Checkpoint, and Se-
quence Parallelism require code changes of models, while all
the other features are invoked in training scripts directly. To
use TP (with Mixed Degrees), users are required to replace
certain non-parallel layers with parallel layers [47], such as
the query, key, value, and dense layers in an attention mod-
ule [52]. To use Selective Activation Checkpoint, users need
to wrap the attention core computation as a module and pass
the module class to the model wrapper. To use Sequence
Parallelism, users need to mark the corresponding LayerNorm
layers, and implement the required dimension transposition
and collective communication of intermediate states based
on the proposed algorithm [27].

5.2 Automatic Pipeline Stage Partition

The PP designs of most existing deep learning frameworks
require users to implement the models or training scripts in
specific formats, which harms user experience and limits the
flexibility. For examples, Megatron-LM/NeMo only supports
their own model implementation; PyTorch and DeepSpeed
require models to be implemented as a list of layers by using
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Figure 3: An example of using TP with mixed degrees
for group query attention. The P4D instance uses TP
degree 8 for query, key and value attention heads, while
TRN1 instance uses TP degree 32 for query attention
heads and TP degree 8 for key and value attention
heads.

torch.nn.Sequential to apply pipeline parallelism.To mini-
mize the changes of models and training scripts when apply-
ing pipeline parallelism, NxDT uses a trace-based solution to
automatically partition the model into pipeline stages similar
to Slapo [9].

We first trace the entire model source code into a static
graph representation, then partition the graph into a list of
sub-graphs based on user annotations, and lastly convert
each sub-graph to the source code of each pipeline stage.
We leverage torch. fx [43] to perform the transformation be-
tween model source code and graph representation. However,
torch. fx has its own limitations. First, torch. fx traces mod-
els by using symbolic execution, which cannot trace dynamic
control flow [43]. Fortunately, most of existing transformer-
based language models, such as LLAMA?2 and GPT, do not
contain dynamic control flow and can be traced symbolically.
Second, torch.fx only traces torch functions, i.e. built-in
Python functions can not be traced by torch.fx. torch.fx
provides an interface to wrap a module as a symbol to avoid
tracing certain blocks of codes. We by default mark all trans-
former layers as symbols during the tracing, so that the
complicated computation inside transformer layers is not
traced. Uses can also provide a list of modules to wrap as
symbols to avoid tracing non-torch functions. Furthermore,
HuggingFace has native torch. fx tracing support for most
existing transformer-based language models, which then can
be naively applied with our pipeline parallelism.
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5.3 Tensor Parallelism with Mixed Degrees

As each trnl instance has 32 NeuronCores, when using trn1
for training extremely large models, e.g., a model with tens
or hundreds billions parameters, it is ideal to set TP degree
to 32 for maximizing the performance. This follows the same
takeaway from training experiences using GPUs [47]. How-
ever, in many cases, the model architecture prevents us from
using TP degree 32 for certain parts of the model. For ex-
ample, LLAMA2-70B with GQA enabled has eight attention
groups (most likely as the model was designed for the GPU
instance topology with 8 GPUs per node), which is not divis-
ible with 32. To handle such cases, NxDT supports TP with
mixed degrees.

We use a real case of LLAMA2-70B with GQA in our pro-
duction to illustrate the feature of TP with mixed degrees, as
shown in Figure 3. In each attention layer of a LLAMA2-70B
model, there are 64 query attention heads and 8 key-value
attention heads; and every 8 query attention heads share
one key-value attention head. The left side of Figure 3 shows
how one attention layer is sharded using TP degree 8 in a p4d
instance with 8 GPUs, each of which perfectly holds 8 query
attention heads and one key-value attention heads. The right
side of Figure 3 illustrates how mixed TP degrees are uti-
lized within a trnl instance, which contains 32 NeuronCores.
A TP degree of 32 is applied for sharding query attention
heads, meaning each NeuronCore holds two query attention
heads. For key-value attention heads, a TP degree of 8 is
used, with each NeuronCore storing one key-value atten-
tion head, while every four NeuronCores replicate the same
key-value attention head. For instance, ranks 0-3 replicate
the same key-value attention head, and ranks 0,4,8,...,28
form a TP group to shard the 8 key-value attention heads.
Note that using a unified TP degree 8 for LLAMA2-70B on
trn1 leads to larger numbers of pipeline stages, which hurts
the performance, as will be shown in our evaluation (§6.5).

5.4 Running Example

Figure 4 shows a script example that uses NxDT for train-
ing. This example assumes that the model changes, which
are required by the features as shown in Table 2, have al-
ready been applied. This example also assumes that PP has
been enabled. This example first creates a configuration (line
4-13) that indicates what features listed in Table 2 will be
applied to the distributed training. The configuration is self-
explanatory, and its specification is publicly available®. After
creating the configuration of the distributed training, this
example shards and initializes the model and the optimizer
based on the configuration by wrapping the model (line

3https://awsdocs-neuron.readthedocs-hosted.com/en/latest/libraries/
neuronx-distributed/api-reference-guide-training.html#initialize-nxd-
core-config
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import neuronx_distributed as nxd

# create config

nxd_config = nxd.neuronx_distributed_config(
tensor_parallel_size,
pipeline_parallel_size,
pipeline_config,
optimizer_config,
activation_checkpoint_config,
sequence_parallel_enabled,
model_init_config,
pad_model_enabled,

)

# wrap model

model = nxd.initialize_parallel_model(
nxd_config, model_constructor

)

# wrap optimizer

optimizer = nxd.initialize_parallel_optimizer(
nxd_config,
AdamW, model.parameters(), lr=le-3

)

# loading checkpoint

user_content = nxd.load_checkpoint(
"ckpts",
model=model,
optimizer=optimizer,

)

# training loop

for inputs in train_dataloader
loss = model.run_train(inputs)
optimizer.step()

# saving checkpoint
nxd. save_checkpoint(
"ckpts",
nxd_config=nxd_config,
model=model,
optimizer=optimizer,
user_content={"total_steps": total_steps},

Figure 4: NxDT Interface Example

15-17) and the optimizer (line 19-22) separately. By wrap-
ping the model, inside a training loop, model forward and
backward passes and gradient accumulation are all wrapped
together in one function (line 32) with applying the features
defined in the configuration. The optimization boundary
operations, which includes but are not limited to the gradi-
ent synchronization and clipping and optimization step, are
also wrapped in one function (line 33). Training checkpoints,
including model and optimizer states and user-defined in-
formation, are loaded and saved at line 24-28 and line 36-42
based on the configuration, respectively.

In production, some users requested to port model train-
ing with Megatron-LM/NeMo on GPUs to TRAINIUM. Our
library supports Megatron-LM/NeMo as a front-end. In such
cases, users only need to provide a training configuration
file of Megatron-LM/NeMo to run distributed training of the
supported models on TRAINIUM without any code changes.
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Model Name | NL | HS IS | NAH | NQG | SL | TFPS p4d trni
LLAMA2-7B | 32 | 4096 | 11008 32 32 4096 | 175 TP=8, PP=1 TP=8, PP=1
LLAMAZ2-13B | 40 | 5120 | 13824 40 40 4096 | 336 TP=8, PP=2 TP=8, PP=4
LLAMAZ2-70B | 80 | 8192 | 28672 64 8 4096 | 1828 | TP=8,PP=8 | TP=(32, 8), PP=4
GPT-23B | 28 | 8192 | 32768 64 64 2048 | 292 TP=8, PP=2 TP=8, PP=4
GPT-175B | 96 | 12288 | 49152 96 96 2048 | 2202 | TP=8, PP=16 TP=32, PP=8

NL: number of layers  HS: hidden size  IS: intermediate size

NAH: number of attention heads
SL: input sequence length  TFPS: teraFLOPs per sequence

NQG: number of query groups

TP: tensor parallel size  PP: pipeline parallel size

Table 3: Evaluated models and parallelism strategies.

We provide publicly available example tutorials demon-
strating the utilization of our distributed training library
for training selected HuggingFace models? and Megatron-
LM/NeMo models®.

6 EVALUATION

Since being launched, trn1 has been supporting internal and
external customers on their distributed LLM training as an
effective alternate to the GPU instance p4d. In addition, a
variety of supported open-source LLMs are available at Hug-
gingFace Optimum Neuron. In this section, as a generic eval-
uation, we first present our evaluation methodology (§6.1),
then present the following evaluation results:

e Performance and scalability: We compare end-to-end
training performance (§6.2) and scalability (§6.3) of popular
LLM workloads on trn1 and p4d.

e Usability: We demonstrate the advantage of NEuron SDK
usability (§6.4).

e Ablation study: We provide various ablation experiments

to study performance characteristics of NEuron SDK (§6.5).

o Fidelity: We check the fidelity of distributed training on
trn1 using NEURON SDK (§6.6).

6.1 Evaluation Methodology

Hardware and software setups. We conduct all experi-
ments on Amazon EC2 trn1 and p4d instances. Table 1 sum-
marizes the hardware specifications of both instances. We
conduct our experiments using NEURON SDK on trn1 and us-
ing NVIDIA NeMo on p4d, respectively. Despite differences
in data ingestion methods between NEurRoN SDK and NeMo,
our profiling results indicate that the data ingestion cost is
negligible compared to the computational expenses for both
platforms. The software stacks include: NEurRoN SDK 2.16,
NeMo 23.08 (available inside NeMo docker container with
tag 23.08), EFA 2.1.1, aws-ofi-nccl 1.5.0-aws.

4https://awsdocs-neuron.readthedocs-hosted.com/en/latest/libraries/
neuronx-distributed/index.html
Shttps://awsdocs-neuron.readthedocs-hosted.com/en/latest/libraries/
nemo-megatron/index.html

Workloads. We evaluate NEurRoN SDK with popular and
representative transformer-based language models, includ-
ing LLAMA2-style [51], and GPT-style models. Model sizes
are varied according to public benchmark configurations [7].
Table 3 lists out the model configurations in details. We name
each model variant with the convention “<model>-<size>".
The model sizes are counted in billions. For example, the
“LLAMAZ2-7B” denotes the LLAMA2 model architecture with
7-billion parameters. Table 3 also provides the input configu-
rations, which follow the conventions [7, 51]. Throughout
the evaluation, we use BFloat16 [26] precision. AdamW [31]
optimizer is employed for updating model weights of each
training iteration.

Parallelism. The last two columns of Table 3 include the
parallelism configurations used for training on trn1 and p4d
instances. The data parallel (DP) size depends on the size
of the cluster. The product of DP size, tensor parallel (TP)
size, and pipeline parallel (PP) size equals to the number of
accelerators in a cluster. For example, in the case of training
GPT-175B on 32 trnl instances, the DP size is 8, given by
(32 x32)/(32 X 4), as each trn1 has 32 NeuronCores. The
parallelism configuration of each model for either TRAINTUM
or GPU follows the takeaways from practices [34]. Specif-
ically, we limit the TP size less or equal to the number of
cores/devices on each instance. As described in §5.3, we use
tensor parallelism with mixed degrees for LLAMA2-70B. We
use the smallest PP size to enable training to reduce the
pipeline bubble overhead [34]. The difference in paralleliza-
tion schemes between trn1 and p4d arises from the factors
that each trn1 has a larger number of accelerators and the
onboard memory capacity of each trn1 is also larger. Taking
LLAMAZ2-70B and GPT-175B on trn1 as examples, when TP
degree is 32, each pipeline stage resides in one trn1 instance;
since the permitted memory consumption of one pipeline
stage on trnl is higher than that on p4d, so the PP degrees
of LLAMAZ2-70B and GPT-175B on trn1 are smaller than that
on p4d.

Metrics. We mainly use three metrics to evaluate the sys-
tem performances: achieved Model Floating point operations
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per second (FLOPS) per Instance (MFPI), Cost per 4-million
tokens (CPT), and scalability, in which the scalability is eval-
uated by measuring the system throughput (sequence per
second, i.e., seq/sec) performance on different sized clusters.
The MFPI metric provides evaluation of the floating point
processing throughput we can achieve in distributed setting.
The formulation of MFPI is t X f/n, where n is the number
of instances in a cluster, ¢ is the throughput in sequence per
second, f denotes the floating point operations (FLOPs) per
sequence. And the CPT metric provides the sense of financial
costs when using trn1 and p4d instances. The value of CPT
is calculated as CPT = (p X n/3600) x (4194304/(s X t)),
where p is the hourly rate in dollar, n denotes the number of
instances in the cluster, s is the input sequence length, and
t is the measured throughput in sequence per second. The
use of 4-million tokens is chosen following a common prac-
tice. From the literature of LLM trainings [32, 51], 4-million
tokens are commonly used for each iteration, i.e., updating
the model parameters, to get high quality models. Other
than that, we also report time cost of model compilation,
and model code changes to enable distributed training with
Neuron SDK to demonstrate our usability advantages.

6.2 Training Performance

In this subsection, we compare the end-to-end TFLOPS per-
formance and corresponding financial cost of trn1 against
those of p4d.

The evaluations are conducted on 32 instances (i.e., ei-
ther trn1 or p4d instances). We evaluated five different sized
models, listed in the Table 3. Figure 5a shows the MFPI com-
parison of trn1and p4d instances. In most cases, the trn1 can
outperform p4d noticeably. The performance advantage is
by up to 24.6%. For the cases which trn1 is less performant,
the gap is within 7.3%. The MFPI performance benefit is es-
pecially obvious in settings where the model sizes are either
relatively small (i.e., we can train models by only applying
TP) or relatively large (i.e., the model size requires a large PP
size on GPU platform). For relatively larger models, we can
apply larger TP size to reduce the PP size, because on trni
we have 32 NeuronCores instead of 8 devices on GPU plat-
form. With reduced PP size, the pipeline bubble overhead is
effectively reduced [34], which results in better performance
when comparing to training on p4d. For these relatively
smaller models like LLAMAZ2-7B, the iteration time is rela-
tively smaller due to smaller number of float point operations.
As a result, training performance of these smaller models
are more sensitive to network bandwidth. At the end of each
iteration, there is a collective all-reduce communication to
synchronize model replicas. This all-reduce communication
is bandwidth bounded operation due to large network traf-
fic volume, e.g., for LLAMAZ2-7B model all-reduce transits
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Figure 5: Training performance comparison between
trn1 and p4d on 32 instances.

about 14GB data across computing instances when training
in half-precision mode. With 800Gbps network (Table 1),
the all-reduce operation overhead is smaller, and thus these
relatively smaller models are favor for trn1. For the GPT-23B
models, trn1 did not demonstrate a performance advantage.
One primary reason for this is the use of a larger PP degree
on trnl, which incurs increased PP runtime overhead.

The trn1 instance has a clear advantage for financial cost
in training, shown in Figure 5b. The trn1 achieves 29.1%
- 46.3% cost savings across five training workloads. And
the system throughput is even better or on par with p4d,
which means no compromise of training time to get quality
models. The cost advantage is more obvious for LLAMA2-
7B and GPT-175B models. This observation is consistent
to the performance advantages discussed above. The larger
the performance gains we have on trnl the more savings
for processing every 4-million tokens. Note that the CPT
metric is a function of both performance and instance price.
While instance pricing is influenced by business and market
factors, trn1 demonstrates better or comparable performance
on selected workloads when compared to p4d. With its lower
instance price and competitive performance, trnl provides
clear cost advantages.
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6.3 Scalability

In this subsection, we present the strong scaling results of
trnl and p4d. The strong scaling measures the system ef-
ficiency with fixed amount of computations when scaling
up the size of the cluster. In our experiments, we fixed the
number of tokens as 4 million for each model updating it-
eration. As the number of tokens and the structure of the
model are determined, the computation for each iteration is
thus fixed. We scale up the cluster size from 4 to 64 instances.
We measure the training throughput in terms of sequence
per second of each setup. Ideally, the system throughput
scales linearly, in which when doubling the cluster size, the
throughput of the system is also doubled. However, this is
particularly difficult to achieve in practice when the amount
of the computation work is fixed. To achieve linear scaling,
the system needs to keep the overhead roughly the same
when increasing the cluster size, while the system overhead
grows due to various sources as the cluster grows up [34, 56].

The trnl instance can scale up the training almost lin-
early for large models like LLAMAZ2-70B (Figure 6¢) and
GPT-175B models (Figure 7b). Outer rectangles in figures
denote the linear scaling w.r.t. the maximum throughput
of either GPU or TrRAINTUM that is obtained on the small-
est cluster. For GPT-175B model, training on eight p4d runs

into out-of-memory errors (noted with “x” in Figure 7b)
due to insufficient memory. The trn1 instance has more on-
device memory per instance, which provides the capability
of training the model on eight instances. For GPT-175B case
specifically, we used pipeline parallel (PP) size 16, and micro-
batch size 2 for benchmark. In comparison, on trn1 PP size 8
is used. At the scale of the 64 instances, both platforms use
256 accumulation steps to process 4-million tokens. With the
same accumulation steps, the trn1 instance has about half
of the pipeline bubble (2.7% vs 5.8%), according to formula-
tion of (p — 1)/m [34] where p denotes the PP size and m
denotes the accumulation steps. Other than the advantage of
less pipeline bubbles trn1 doubles the network bandwidths
across instance for necessary communications of distributed
training. For LLAMA2-70B model, training on trn1 leverages
tensor parallelism with mixed degrees, and it incurs extra
computation overhead for key value attention. We will dis-
cuss the effect of using tensor parallelism with mixed degrees
in §6.5. For the scalability of other models, Figure 6 and Fig-
ure 7 show that the trn1 instance can achieve comparable or
better strong scaling efficiencies. It is worth noting that the
scalability and the FLOPS performance of the GPU platform
reported here do not completely match what was reported
by other vendors [27, 48, 51]. This is due to hardware differ-
ences, which mainly includes network bandwidth, on-device
memory, and memory bandwidth differences [37].

6.4 Usability

Compilation overhead. JIT compilation enables high-
performance executables but may also introduce compilation
overhead at runtime. Across our evaluation in §6.2, the com-
pilation overhead is under 9 minutes. Compared to the long
LLM training time, e.g., weeks or months, we believe our
compilation overhead is negligible.

Model code changes. Users often come with models avail-
able in popular open source communities such as Hugging-
Face. Porting them to TRAINIUM for distributed training
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Figure 8: The comparison of MFPI with and without
enabling Async Runtime on 32 instances.

requires necessary code change. We use the HuggingFace
LLAMA2-70B model, which consists of 1,009 lines of codes,
as a case study. The total model code changes to train the
HuggingFace LLAMA2-70B model on trn1 are 82 lines, which
includes applying TP with mixed degrees (21 lines), applying
sequence parallelism (27 lines), applying selective checkpoint
(25 lines), and importing packages (9 lines). It is worth noting
that converting a HuggingFace model to execute 3D paral-
lelism on GPU requires a similar amount of work. On the
other hand, training models written in NeMo-Megatron on
trnl requires no model code changes.

6.5 Ablation Studies

In this subsection, we conduct ablation studies to showcase
the TRAINIUM-unique optimizations we have done.

TP with Mixed Degrees. We use the 32-instance LLAMA2-
70B workload in §6.2 as a case study to show the effect of
TP with Mixed Degrees presented in 5.3. When the TP with
mixed degrees (32 and 8) is enabled in §6.2, PP degree is 4 and
selective activation checkpoint is also enabled. To disable
the TP with mixed degrees, we use a unified TP degree 8,
which is the largest TP degree can be applied to the number
of key-value attention heads. We then set PP degree to 16, so
that each DP replica is sharded among four instances, same
as when the TP with mixed degrees is enabled. In the setting
of unified TP degree 8, we have to disable selective activa-
tion checkpoint and use full-transformer-layer activation
checkpoint [27] instead to avoid the device OOM during the
training, due to the activation memory pressure caused by
the TP degree 8. The end-to-end throughput of the setting
with unified TP degree decreases by 25% compared to the
throughput of the setting with mixed TP degrees. The main
root cause of the throughput degradation comes from the
larger number of pipeline stages and the overhead of full-
transformer-layer activation checkpoint imposed by using a
unified TP degree 8.

Asynchronous Execution in Neuron Runtime. We use
the five 32-instance workloads in §6.2 as case studies to
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Figure 9: LLAMAZ2-7B training loss curves from trni
and p4d instances.

show the effect of asynchronous execution in Neuron Run-
time discussed in §4.4. The number of graphs traced in the
background was empirically determined: 3 for LLAMAZ2 7B,
7 for LLAMAZ2 13B and 70B, and 5 for GPT 23B and 175B. The
comparison of MFPI with and without enabling asynchro-
nous execution in Neuron Runtime is show in Figure 8. When
enabling asynchronous execution in Neuron Runtime, we
observe MFPI improvement for all the workloads. The MFPI
improvement ratio due to asynchronous execution in Neuron
Runtime enlarges as increasing the size of LLAMA2 and GPT
models, respectively. Specifically, the MFPI improvement ra-
tio increases from 15% to 119% as the model size of LLAMA2
increases from 7B to 70B, and the MFPI improvement ratio
increases from 43% to 102% as the model size of GPT in-
creases from 23B to 175B. This is because the overhead of
computation graph tracing and NEFF loading becomes more
significant as the model size increases. Asynchronous execu-
tion in Neuron Runtime successfully reduces the overhead
so that it improves the MFPL

6.6 Fidelity Check

To check the fidelity of the distributed training on trni,
we first train a LLAMAZ2-7B model from scratch using a
small dataset on trn1 and p4d, respectively, and compare the
loss curves of the trained models. We use the wikicorpus
dataset [44] and apply the same training hyperparameters
for both training on trn1 and p4d. The training loss curves of
the first 10k global steps are shown in Figure 9. During the
10k global steps of the LLAMAZ2-7B training, the training loss
curves from trn1 and p4d both decrease monotonically and
follow each other without a consistent winner. For a more
thorough study, NxDT is used to train a LLAMAZ2-like model
over 1.8 trillion tokens [16]. The performance of the trained
model is benchmarked against popular open source baseline
models. Our model trained on trn1 achieves the same quality
as public models trained via GPU, i.e., matching the evalua-
tion values across tasks including commonsense reasoning,
world knowledge, math, coding, etc.
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7 DISCUSSION

7.1 Lessons, Limitations and Future works

Enabling distributed LLM training on homegrown deep learn-
ing accelerators is never easy. Making it product-ready for
customers is even harder. In this subsection, we would like
to share some lessons learned, limitations to be conquered,
and works to be done.

We would like to highlight two key insights from the
lessons learned:

e Leveraging XLA v.s. Building from Scratch. Many
distributed LLM training users use PyTorch. To compile
PyTorch scripts to be executable on TRAINTUM, we have
attempted to convert PyTorch scripts to our own build-
from-scratch computation graph representations [55] as
the inputs of Neuron Compiler. Building from scratch de-
mands significant efforts in terms of development and
maintenance, especially when PyTorch upgrades with nu-
merous new features. Leveraging XLA that is natively sup-
ported by PyTorch minimizes the efforts, allowing us to
concentrate on the development and optimizations specific
to our accelerators. One of our future works is to adopt
the PyTorch 2.0 compiler [5].

e Framework Level v.s. Compiler Level Optimizations.
Based on our practice, framework level optimizations yield
a higher return-on-investment than compiler level opti-
mizations. After several years’ development, Neuron com-
piler has done substantial optimization (e.g. [58]) to gener-
ate highly efficient NEFFs in most of the cases, making a
diminishing return of further enhancement. Empirically,
in the context of distributed LLM training, each optimiza-
tion within Neuron Compiler, such as improving the over-
lap between collective operations and computations, typi-
cally generate 1-3% speedup after considerable efforts. On
the other hand, framework level optimizations potentially
have much higher gain if applicable. For example, applying
sequence parallelism and selective activation checkpoint
together achieves around 45% throughput improvement
in one of our LLAMA?2 7B workloads. Given the maturity
of CUDA kernels, we believe the same observation also
applies to GPU.

While NEuron SDK provides comprehensive support to
workloads running on top of AWS TRAINIUM, it has some
limitations. For example, Neuron Compiler currently only ac-
cepts computation graphs with static tensor shapes as inputs
and does not support dynamic tensor shapes. Any change
in tensor shape within a computation graph triggers a new
compilation to generate a new NEFF, resulting in consider-
able overhead. This is manageable in LLM training as the
tensor shapes between training iterations are mostly static.
For the seldom case of dynamism, we make a workaround to
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apply the bucketing technique [46] to pad a dynamic tensor
size to its corresponding fixed-size bucket. However, extend-
ing to other workloads like MoE may introduce performance
challenges. Addressing these concerns is part of our planned
future work.

Moving forward, the scope of Amazon EC2 instances pow-
ered by Amazon homegrown accelerators is rapidly expand-
ing. AWS Trainium? has been announced and expects to be
launched in 2024 with 4x faster than AWS trn1, which pow-
ers the next generation of Amazon EC2 ultra clusters with
65 exaFLOPS of on-demand supercomputing performance.
Meanwhile, we are actively maintaining and adding new
features into NEurRON SDK based on customer requests. On
one hand, we are broadening the scope of supported model
types to include Mixture-of-Experts [17], Multi-Modal [35],
et al. On the other hand, we are developing techniques to
improve the cluster reliability and reduce the recovery time
upon a failure [53].

7.2 Customers and Other Workloads

The trn1has been adopted internally and externally. External
customers include companies such as Anthropic, Databricks,
RICOH, and many others. Meanwhile, we collaborate with
open-source communities like PyTorch, Jax, XLA, Hugging-
Face, and others to continually expand our support for vari-
ous ML workloads.

Although this paper primarily focuses on distributed train-
ing of LLMs on trnl, trnl is versatile and can be applied to a
variety of other workloads. trn1is well-suited for inferencing
LLMs, such as GPT and LLAMA, and can also be used for
other model types, including image and video encoders, as
well as diffusion models for image and video generation.

8 RELATED WORKS

Deep learning accelerators. To accelerate Deep Learn-
ing training and to save costs, many customized chips are
manufactured in industry. Google builds Cloud TPU [19]
since 2016. Meta release their first-generation inference chip,
MTIA [33], in 2023. Intel has Habana [22] chips for train-
ing and inference. AMD has data center GPU [4] for Al
workloads. Other than these large companies, many startups
join the competitions building advanced Al chips, e.g., Sam-
baNova [45], GraphCore [20], Cerebras [8], etc. Similar to
AWS TRrAINTUM, these chips need dedicated software stacks
for maximizing the performance and user experiences.

Distributed training libraries. DeepSpeed [42], MiCS [56],
and PyTorch FSDP [57] adopt the partitioned data paral-
lelism [41] techniques, which shards the model states onto
multiple accelerators to reduce the memory footprint of
the standard data parallelism. Megatron-LM/NeMo [27, 34]
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mainly uses 3D parallelism techniques to distribute computa-
tion and memory consumption in training. Colossal-AI [29]
integrates various parallelism strategies and features a flex-
ible system design, allowing for the easy combination of
different parallelism strategies. These software libraries are
implemented for GPU platform. NxDT follows the same de-
sign principles as these libraries do. It provides unified inter-
faces to support those techniques, and is tailored specifically
to AWS TRAINIUM.

Optimizations for computations. Other than libraries to

support distributed training capabilities, another direction

for accelerating the training aims to generate efficient com-
puting operations at the lower level. FlashAttention [14, 15]

improves the computation efficiency and reduces the mem-
ory footprints of transformer’s attention computation by

tiling computations. RingAttention [30] distributes long se-
quences across multiple devices by leveraging blockwise

computation of self-attention and feedforward layers, and

fully overlaps the communication of key-value blocks with

the computation of blockwise attention. Ansor [59], TVM [10],
TASO [23], and NVFuser [36] can generate high-performance

tensor programs for multiple backends. Sputnik [18] provides

efficient sparse matrix operations for GPUs. These works are

orthogonal to the design of NxDT. Some of these techniques

are implemented in the compiler part of NEuron SDK, e.g.,

operator fusions. We are actively adding these optimizations

that are beneficial on TRAINIUM.

9 CONCLUSION

This paper presents our design choices and experience in
developing and optimizing distributed LLM training on Ama-
zon EC2 trn1 instances. Our evaluation demonstrates that
trni achieves better or comparable performance to p4d while
incurring lower costs. Leveraging AWS Neuron SDK, the
additional work required for users to adapt existing GPU-
based training scripts to AWS TRAINIUM is reasonable. Con-
sequently, trn1 emerges as a compelling alternative for AWS
customers seeking distributed LLM training solutions. More
broadly, it serves as an affirmation within the community,
signaling a promising trajectory for the widespread adoption
of deep learning accelerators in the near future. We foresee a
landscape marked by the flourishing growth of deep learning
accelerators, which will likely handle a considerable portion
of LLM workloads in cloud environments such as AWS.
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