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Abstract

Large language models (LLMs) have arisen rapidly to the center stage
of artificial intelligence as the foundation models applicable to many
downstream learning tasks. However, how to effectively build, train,
and serve such models for many high-stake and first-principle based
scientific use cases are both of great interests and of great challenges.
Moreover, pre-training LLMs with billions or even trillions of parame-
ters can be prohibitively expensive not just for academic institutions,
but also for well-funded industrial and government labs. Furthermore,
the energy cost and the environmental impact of developing LLMs must
be kept in mind. In this work, we conduct a first-of-its-kind perfor-
mance analysis to understand the time and energy cost of pre-training
LLMs on the Department of Energy (DOE)’s leadership-class super-
computers. Employing state-of-the-art distributed training techniques,
we evaluate the computational performance of various parallelization
approaches at scale for a range of model sizes, and establish a projec-
tion model for the cost of full training. Our findings provide baseline
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results, best practices, and heuristics for pre-training such large mod-
els that should be valuable to HPC community at large. We also offer
insights and optimization strategies for using the first exascale computing
system, Frontier, to train models of the size of GPT-3 and beyond.

Keywords: Al foundation model, distributed training, performance analysis

1 Introduction

It has been well recognized that the convolution neural network architecture
led to the first wave of Al breakthroughs, beginning around 2010. With the
introduction of the Transformer model [1], especially large language mod-
els (LLMs) such as Bidirectional Encoder Representations from Transformers
(BERT) [2], Generative Pre-trained Transformer (GPT) [3], a new wave of
innovations is sweeping across various fields. A new paradigm [4] for build-
ing Al systems has been introduced, in which a ‘foundation model’ trained on
large unlabelled data can serve as a base for many downstream tasks. Notable
examples include OpenAT’s GPT3 [5], GPT4 [6] and DALL-E [7], Meta’s OPT
[8] and LLaMA [9], and BigScience’s BLOOM [10], to name but a few. All
these efforts stem from commercial side, and a large gap is yet to be filled for
scientific applications.

There are early efforts in applying language models to scientific texts. Sev-
eral models have been introduced, including SciBERT [11], MatBERT [12],
ScholarBERT [13], and a GPT-style model [14]. The model sizes are as large
as 1.47B parameters. Considering the overall volume of the scientific literature
(e.g., the CORE [15] dataset alone contains 207M papers, over 200B tokens),
a LLM of 10B parameters or more can be built based on the compute-optimal
training recommendation, i.e. to maintain a 20 to 1 ratio of tokens vs. num-
ber of parameters [16] (although recent LLaMA models [9] indicate a much
higher tokens-to-parameter ratio). Other potential applications for LLMs are
scientific sequence or imaging data, both of which also involve large datasets.

However, pre-training LLMs is prohibitively costly even for large institu-
tions. It has been reported [17] that training a GPT3 model from scratch
will cost over 1 million dollars on AWS in the best case scenario where no
hyper-parameter tuning (e.g., batch size, learning rate, etc.) is necessary. In
typical cases, it would require extensive hyper-parameter tuning to obtain the
best model. Furthermore, LLMs often can not fit into a single device due to
the memory limitation, and advanced parallelization techniques are required,
which involves additional tuning for the underlying hardware and software to
achieve the best computational performance.

To understand the cost of building foundation models and establish best
practices for training LLMs, we evaluate two distributed training frameworks
on two supercomputers with different accelerators and software stacks: the
Nvidia V100-based Summit and AMD MI250X-based Crusher. We compare
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different parallel strategies for various LLMs and project the full training cost
in terms of both compute hours and energy. Our contributions include:

e Establishing performance baselines by benchmarking two LLM-training
frameworks on both Nvidia- and AMD-based supercomputers.

® Developing cost models for runtime and energy projections.

® Drawing insights on future platforms for training LLMs.

The rest of the paper is organized as follows: Section 2 provides a general
background on the LLM architecture and the scaling law. Section 3 details the
distributed training approach and our analysis methods. Section 4 presents
our results on performance evaluations and cost analysis, and discusses the
gap for current practices and implications for future systems. We conclude in
Section 5.

2 Background and related work

In this paper, we focus on specifically Transformer-based LLMs, which are
state-of-the-art for many natural language processing [5] and computer vision
[18] tasks. We now give a brief overview on the architectures of the Trans-
former, BERT, and GPT, as well as the important scaling laws which describe
the heuristic and experimental relationships between model accuracy, effi-
ciency, model size (number of model parameters), data size (number of tokens),
and compute cycles (number of floating-point operations).

Transformer Architecture

A Transformer is a self-attention based deep learning model for analyzing
sequential data without requiring recurrence or convolution [1]. This model
has two major components: an encoder and a decoder (Figure 1). This archi-
tecture processes the entire sequence at once (unlike a recurrence model) but
uses positional embedding to delineate between the relative positions of input
tokens. In the encoder, there are identical layers of multi-head self-attention
followed by a feed-forward network that learns context around a token and
creates a continuous representation. The decoder has a similar structure, and
takes in the output from the encoder and the decoder output from earlier step
to predict the outcome.

BERT Architecture

Bidirectional Encoder Representations from Transformers (BERT) [2] is a
language model consisting of the encoder part of the Transformer model.
This model allows pre-training of deep bidirectional representations from
unlabeled text by jointly conditioning on both left and right context in all
layers (Figure 2, left). Additional output layers are used for fine-tuning the
pre-trained model for a variety of tasks.
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Fig. 1 Transformer architecture. A Transformer consists of stacked blocks of encoder fol-
lowed by a stacked blocks of decoders. The leftmost block is the detailed structure of an
encoder block, and the rightmost block is the detailed structure of a decoder block.
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GPT Architecture

The Generative Pre-trained Transformer (GPT) model is built on top of the
decoder part of the Transformer model [19] that utilizes stacked pairs of a
masked multi-head self-attention layer and a feed-forward layer (Figure 2,
right). Unlike BERT, the GPT architecture has unidirectional attention where
every token can only attend to its prior tokens. The GPT model leverages
different types of input transformations for different tasks.
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Fig. 2 BERT (left) and GPT (right) Architectures.
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Scaling Laws

One key argument for the rise of deep learning (DL) is that the accuracy of
DL models scales with the amount of data. This scaling property was not fully
demonstrated until the emergence of Transformer-based LLMs. It has been
shown [20] that the loss of LLMs scales with both the training data and model
parameters; consequently, it scales with the amount of computation.

Specifically, the total number of floating point operations (FLOPs) is
approximately,

TFLOPs ~6%xPxD (1)

where P and D are number of model parameters and tokens, respectively.
This can be intuitively derived from the Transformer architecture (see Fig. 1):
compared to the attention and other blocks, the feed forward block typically
requires the most computation [21]. For each element of a feed-forward weight
matrix, there are a total of 6 FLOPs (1 multiply-add operation during forward
pass and 2 multiply-add operations during the backward pass) per input token.
Coupled with the optimal training guidance [16], the computation hence scales
quadratically with the model size.

In terms of distributed training of LLMs, numerous techniques have
been introduced to enhance training speed by leveraging various parallelism
approaches [21-23], reducing memory consumption [24], and employing lower
precision computations [25]. Notably, the Zero Redundancy Optimizer (ZeRO)
[23] enhances vanilla data parallelism by reducing memory usage for gradients
(stage 1), optimizer states (stage 2), or offloading (stage 3). Gpipe [22] intro-
duces pipeline parallelism, while Megatron [21] proposes tensor parallelism.
Most LLMs are pre-trained using these aforementioned techniques, which we
will further explore within two popular software frameworks.

3 Methodology

In this section, we will detail our PyTorch-based distributed training meth-
ods (TensorFlow’s LLM training is more tailored for TPU-based platforms).
These methods are PyTorch’s fully sharded data parallel (FSDP) [26] and
EleutherAT’s DeepSpeed-Megatron implementation [27], which are broadly
representative of the standard approaches in the field. Additionally, we provide
our cost analysis for compute and energy projections.

We use the following notations:

® M — the overall memory usage per device.

e (' — communication size per device per batch step.

® DP, PP, and TP — the number of parallelisms assigned for data, pipeline, and
tensor, respectively.

T and R — the FLOP counts and measured performance in FLOPs per
second, respectively.

t and E — the runtime and energy usage, respectively.
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® ) — the required communication bandwidth.

3.1 Distributed training

There are several major parallelisms in distributed training of LLM: 1) data
parallel among model replica, i.e., each model replica processes a different
data batch in the forward pass and then synchronizes in the backward pass.
2) pipeline parallel among model layers, i.e., pipeling the execution of a data
batch through different layers of a model replica. 3) tensor parallel within
layers, i.e., parallel processing of a layer by tensor decomposition. The memory
usage, M, consists of 4 sub-components:

M = My + M, + Mg + M., (2)

where My, M,, and M, are for model parameters, optimizer states, and gra-
dients, respectively. The extra overhead M, stems from intermediate storage,
such as activation maps or collections of parameter shards. Specifically, the
value of these terms depends on the distributed training methods, and we use
M, and Mg to represent the overall memory usage per device for FSDP and
DeepSpeed-Megatron, respectively. The details of M, and Mg will be discussed
in the following section.

3.1.1 FSDP

Crusher node Crusher node

éé“éé—‘ —ééﬁéé.— NIC "™ Infmltg Fabric
SDGB/S

-—éé = =g —éé = = S
S

MI250X MI250X

Optimizer states

Model marameters
Gradients

Fig. 3 Illustration of FSDP on 2 Crusher nodes. The optimizer states, model parameters,
and gradients are evenly distributed among all 16 GPUs.

PyTorch’s fully sharded data parallel (FSDP) [26] is an enhancement over
the standard distributed data parallel (DDP) [28], being optimized for more
efficient memory usage. Instead of each device storing a full replica of the
model, the model parameters, optimizer states, and gradients are fully sharded
among all devices participating in data parallel training, as shown in Fig. 3
(based on Crusher architecture [29]. More details in Sec. 4). Effectively, FSDP
is equivalent to ZeRO [23] for data parallel training, in which the sharding can
be controlled at a finer-grained level. On the other hand, FSDP API is shipped
within the PyTorch distribution itself and benefits from built-in support. Since
PyTorch is supported on both the Nvidia CUDA and AMD ROCm stacks,
FSDP functions smoothly on both the Summit [30] and Crusher [29] platforms
as well.
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With FSDP enabled, the memory usage per device now follows as,

MA = Mtotal/Ndevices
~ 6 * Mp/NdeviceSa (3)

considering the size of gradients, optimizer states (e.g. Adam [31]), and over-
heads (FSDP units) to be about 1x, 2x, and 2x of the size of model parameters.
This calculation assumes that all components have the same data type and that
activation maps are re-computed via checkpointing [32]). However, the mem-
ory saving does come at a cost. Compared to DDP, where only an Allreduce
during each backward propagation is required, FSDP requires an Allgather
for the forward pass and both an Allgather and a ReduceScatter for the
backward pass. Therefore, the per device communication volume per batch
step, denoted by O, is 1.5x of DDP’s (Allreduce is implemented via a
ReduceScatter and an Allgather),

Cy ~ 3% M. (4)

3.1.2 DeepSpeed-Megatron

Summit node Summit node Model
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J

Fig. 4 Illustration of DeepSpeed-Megatron on 4 Summit nodes with tensor parallel at 6,
pipeline parallel at 2, and data parallel (ZeRO stage 1) at 2.

Optimizer states

A more matured stack for LLM training is DeepSpeed [33] and Megatron
[21], where pipeline (PP) and tensor (TP) parallelisms are supported, in addi-
tion to sharded data (DP) parallelism. As shown in Fig. 4 (based on Summit
architecture [30]. More details in Sec. 4), a PP = 2, TP = 6,DP = 2 parallel set-
ting on 4 Summit nodes is illustrated. The tensor parallelism is within a node,
where each layer is split. The pipeline parallelism is divided into 2 stages, each
on a node with half of model layers. Finally, the ZeRO data parallelism is
among the remaining level of parallelisms (i.e., Ngeyices/(PP * TP)), and typi-
cally only the optimizer states are sharded (ZeRO stage 1) to avoid excessive
communication cost. Generally, the memory requirement per device follows,

Mg = M, /(PP % TP) + M, /DP
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+ M,/ (PP % TP) + M,
2% (DP + PP+ TP + 1)

Ndevices

My, ()

assuming the model layers are of similar sizes, the Adam optimizer is employed,
and the overhead is of the same ratio as FSDP’s. Because the scaling efficien-
cies of pipeline and tensor parallelism are worse than data parallelism (that
is, they require more communication), the best scaling strategy is to find the
minimum number of nodes that can fit the model in memory with model par-
allelism, and to apply the remaining resources to data parallelism. Based on
the assumptions that 1) the communication volume of Zero-1 stage [23] is the
same as data parallelism, 2) pipeline parallelism incurs orders of magnitude
smaller [33] communication size compared to data parallelism, and 3) the ten-
sor parallelism is within a sub-communication group of size T, the average per
device communication volume for each batch step is,

TP
Cg ~ (—

Ndevices

+1) % 2% M. (6)

Compared to FSDP, DeepSpeed-Megatron has finer control of the paral-
lelism and hence can achieve better scaling when properly tuned, especially at
large scale. On the other hand, as third-party libraries for PyTorch, the support
for different hardware and underlying compute libraries requires additional
effort for porting and maintenance.

Port to AMD stack EleutherAl’s GPT-NeoX [27] implementation of
DeepSpeed-Megatron is an open community effort for LLM training. It doesn’t
yet officially support AMD GPUs and, to the best of our knowledge, we are
the first effort to report its performance on the AMD DL stack.

3.2 Cost analysis

In this section, we outline our analysis method and metrics for runtime and
energy projection, based on the scaling law (see Sec. 2) of training LLMs.

3.2.1 Computional requirements

As shown in Fig. 5, the total number of compute operations needed for the
optimal training (20 tokens per parameter) [16] of LLMs is quadratically pro-
portional to the number of model parameters (P). For example, training a
1758 parameter GPT3 model requires 3.7x10%* FLOPs, and it quickly grows
to 1.2x10%6 FLOPs for a 1T parameter GPT-style model. This can serve as a
quick heuristic to maximize the return of LLM modeling under a compute bud-
get constraint. For a given model size (with P parameters), the region below
the solid line (blue region in Fig. 5) indicates the data size is insufficient (i.e.,
the number of tokens is less than 20P). Conversely, for a given compute bud-
get, the region above the solid line (yellow region, token-to-parameter ratio
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Fig. 5 Computation need (FLOPs) and ideal training time (days) assuming peak perfor-
mance and perfect scaling for optimal training of LLMs on Summit and Frontier, respectively.

greater than 20) means the output accuracy would likely benefit from increas-
ing the model size. Note that the recent study [9] suggests a significantly higher
ratio, indicating that the computation requirements for optimal training will
correspondingly increase.

3.2.2 Runtime and energy projection

Like any standard DL modeling, the training of LLMs is an iterative process,
where data are processed in batch steps. Unlike the complications which arose
in large-scale convolution neural networks — e.g., the convergence issue of large-
batch training of ResNet50 on ImageNet [34] — LLMs training is very stable
owning to both the Transformer-based model architecture and the large data
size (tokens). Therefore, the runtime can be straightforwardly predicted via,

t = Trrops / RrvLops
~ 120 % Pz/RFLops, (7)

where Trrops and Rprops are the compute operations (See Fig. 5) in FLOPs and
training performance in FLOPS (measured from about 100 iterations excluding
the warm-up). The energy consumption can be evaluated by,

E =1 * Ryate, (8)

where Ryatt is the averaged power measured from few iterations.

The ideal training times on Summit and Frontier are also plotted in Fig. 5,
given the peak performance in half percision for the V100 (112 TFLOPS)
and MI250X (384 TFLOPS) GPUs and linear scaling up to full system. In
practice, the optimal criteria may not be able to be satisfied, especially for
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Table 1 The specification of GPT-style LLMs in the evaluation.

Model MOl iddonspe Nomborol Setwence Vora
1.4B 24 2,064 24
16B 48 5,184 48 2,048 ~50,000
175B 96 12,288 96
1T 128 25,600 128

models of trillions of parameters. In the case of comparable size of data for a
1T parameter model, the ideal training time on Frontier would be one week.

4 Evaluation

In this section, we will detail our experimental setup, hardware and software
stack, performance tuning, and scaling results. We also provide a trace-based
analysis of power usage, and projections of runtime and energy cost. Our
experiments are performed on two preeminent but architecturally different
leadership computing platforms, Summit and Frontier, which have Nvidia and
AMD GPUs, respectively. Each are representative in their own right of today’s
HPC landscape.

4.1 Experiment setup

Hardware To evaluate the cost of pre-training LLMs, we execute two code
bases (FSDP and DeepSpeed-Megatron) on both the Summit supercom-
puter [30] and on the Crusher [29] early access testbed system for Frontier.
Each Summit node (see Fig. 4) is equipped with six NVIDIA V100 GPUs
and two IBM Power9 CPUs. Groups of three V100s are fully connected with
NVLink fabric with 50 GB/s of bandwidth, and the nodes themselves use an
EDR InfiniBand interconnect with 25 GB/s of bandwidth. Crusher is a devel-
opment system with an architecture identical to Frontier’s but at a smaller
scale (192 vs 9408 nodes). Each Crusher node (see Fig. 3) is equipped with
four AMD Instinct MI250X GPUs with dual Graphics Compute Dies (GCD)
and one third-generation EPYC CPU. A GCD is viewed as an effective GPU,
and we use GCD and GPU interchangeably in the following discussion. All
four MI250X GPUs (eight effective GPUs) are connected using 50 GB/s Infin-
ity Fabric, and the nodes are connected via a Slingshot-11 interconnect with
100 GB/s of bandwidth.
Software We use PyTorch v1.12.1 to evaluate both FSDP and GPT-NeoX
[27]. CUDA v11.0.3, cuDNN v8.0.4, and NCCL v2.8.4 are utilized on Summit,
and ROCm v5.1.0, MIOpen v2.14.0, and RCCL v2.11.4 with libfabric v1.15.0
plugin are utilized on Crusher.

In the following, we will systematically evaluate the performance, scal-
ing, runtime, and energy efficiency of these two training frameworks on two
leadership-class supercomputers, and draw considerations for future platforms.

10
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4.2 Results

Because the runtime projection (Eq. 7) is based on per-device computation
performance, we first investigate the performance optimization for the training
frameworks on both Nvidia- and AMD- based platforms. The primary tuning
knobs include the allocation of data, pipeline, and tensor parallelism, opera-
tion fusion for DeepSpeed-Megatron, and parameter prefetching for FSDP. All
computations are performed in half precision (FP16).

4.2.1 Performance tuning

DeepSpeed-Megatron training of GPT-1.4B model FSDP training of GPT-1.4B model

- Summit . Summit
. Crusher Across nodes m== Crusher

Across nodes -| (prefetch)

Same node | Across nodes

Same NUMA - Single node -

| ; o |
Single device - Single device
0 10 20 30 40 50 60 0 10 20 30 40 50 60
TFLOPS-pe-GPU TFLOPS-pe-GPU

Fig. 6 Performance (TFLOPS) of training GPT-1.4B on V100-based Summit and MI250X-
based Crusher. (left) DeepSpeed-Megatron: Single device (1 GCD of MI250X); Same NUMA
(DP=PP=1, TP=3 for Summit, 2 for Crusher); Same node (DP=PP=1, TP=6 for Summit, 8
for Crusher); Across nodes (DP=2, PP=1, TP=6 for Summit, 8 for Crusher). (right) FSDP.
Single device (1 GCD of MI250X); Single node (1 Summit/Crusher node); Across nodes (2
Summit/Crusher nodes); Across nodes (with parameter prefetching).

High-performance computing platforms typically consist of various affin-
ity domains of different interconnect capabilities (See Fig. 3, 4). For example,
within a nun-uniform memory access (NUMA), 3 V100s are connected with
NVLink of 50 GB/s on Summit, and 2 GCDs of MI250X are connected with
Infinity Fabric of 200 GB/s on Crusher, while for across nodes the numbers
drops to 25 GB/s and 100 GB/s, respectively. The performance of training
LLMs are extremely sensitive to communication, and aligning model paral-
lelism to different affinities has a significant impact on performance. As shown
in Fig. 6, for a single GPU (1 GCD of MI250X), the training performance for
FSDP and DeepSpeed-Megatron is 62.1 and 65.1 TFLOPS, respectively. From
this baseline, the performance drops 20% and 44% for DeepSpeed-Megatron
when using tensor parallelism within a NUMA domain and a node on Summit,
respectively. The impact for FSDP is less (30% within a node compared to 44%
for DeepSpeed-Megatron) due to less frequent communication and a smaller
total message size (Eq. 4), although the benefit of parameter prefetching is
negligible for the model size. One thing to note is that the model architec-
ture affects the computation performance as well because different matrix sizes

11
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result in different performance for general matrix multiplication (GEMM) ker-
nels [35], which are the computational workhorse of Transformers. For example,
if we fix the number of layers for GPT-1.4B model and adjust the hidden size,
we observe that performance improves to 77 TFLOPS per MI1250X GCD for
the hidden size 2304 and a total of 1.76B parameters. We consider this as the
achievable performance for training LLMs on the platform.

— Eq.6 - — Eq.
10 TP=1 q. 3

102 TP=6 1
TP=12

10?

Counts
Memory (GB)
s

2

Aggregated message size (GB)

0 o1 TP=6 TP=12 0 500 1000 2 3 4 5 6
Size (MB) # nodes

Fig. 7 The per-batch-step aggregated message size (left) and histogram (middle) of
Deepspeed-Megatron training of GPT-1.4B model with DP=PP=1, and TP=1, 6, and 12 on
Summit. (right) the peak memory usage of FSDP training of GPT-16B model on Summit.
The red lines are Eq. 6 and Eq. 3 for message size and memory, respectively.

To better understand the communication traffic and memory usage, we
plot the per-step aggregated message size and histogram for the DeepSpeed-
Megatron training of GPT-1.4B model, and the memory usage for FSDP
training of GPT-16B model. Compared to our projections (Eq. 6 and Eq. 3),
the measurements are consistent. The message volume is about 1.8 the size
of standard data parallelism (DP=PP=TP=1) and the communication pattern
changed from few large messages (198, 783, 975 MB) to more frequent medium
messages (64 MB). Likewise, the per-device memory for FSDP is roughly the
total memory usage evenly divided among all devices.

4.2.2 Scaling Analysis

Following on the previous observations, we scale up the LLMs training on both
Summit and Crusher, as shown in Fig. 8. The minimum model-parallel scale
required to fit the GPT-16B model on Summit is 2 nodes (based one Eq. 3,
about 180GB is needed). Consequently, the model parallelism for DeepSpeed-
Megatron training (PP,TP, see Sec. 3 for details) can be assigned as (1,12)
or (2,6), considering TP is more efficient within a node than PP. The mea-
sured performance is 12.9 versus 10.9 TFLOPS at 8 nodes for (1,12) and
(2,6), respectively. Therefore, additional scaling, we use (1,12) for model paral-
lelism, and the remaining resources are assigned to data parallelism. To further
improve the scaling, we increased batch size by 2 (because the ZeRO-1 DP fur-
ther reduce the memory footprint when more devices are used) staring from
16 nodes to 256 nodes. For this model size, the best per-device performance

12
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DeepSpeed-Megatron training
of GPT-16B model on Summit

FSDP training of GPT-175B
model on Crusher
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Fig. 8 The scaling of (left) DeepSpeed-Megatron training of GPT-16B model on Summit
up to 1536 V100s; (right) FSDP training of GPT-175B on Crusher up to 512 MI250Xs (1024
effective GPUs).

is reached at 32 nodes (192 V100s), and the aggregate 13 PFLOPS training
performance is obtained with 1536 V100s.

Similarly, we evaluate FSDP training of GPT-175B model on Crusher (see
Fig. 8). Compared to GPT-1.4B model (see Fig. 6), the per-device performance
actually increases by 17%, indicating there exists a tipping point between the
trade-off of more computation and more communication. Up to 128 nodes
(1024 effective GPUs), the scaling efficiency is about 97%, signaling Frontier
can be a promising platform for training LLMs of these model sizes.

4.2.3 Power, Memory, and Utilization Trace

To estimate the energy usage, we trace the GPU power in watts during the
training. In Fig. 9, a timeline trace of GPU power, memory, and utilization
are plotted for FSDP training of GPT 175B model on Summit and Crusher,
respectively. Note that on Crusher the memory and utilization is for 1 GCD
while the power trace is for 1 MI250X (2 GCDs). One batch step takes 359
and 301 seconds; correspondingly, being depicted in the figure by the interval
between the dashed lines. All quantities show clear periodical behavior. The
memory usage oscillates because of the frequent allocaion and deallocation of
memory to fit large models. The utilization trace is different for AMD GPU
due to the frequency of sampling. Because the NCCL/RCCL communication
utilizes GPU as well, the power is more representative of the load of compu-
tation. The averaged power usage is about 85 and 408 Watts, for Summit and
Crusher, respectively, and the corresponding computational efficiency is 0.165
and 0.235 TFLOPS/Watt.

Similarly, we analyze the power, memory, and utilization trace for training
a GPT-1T parameter model with DeepSpeed-Megatron on Summit and FSDP
on Crusher, respectively. As shown in Fig. 10, one batch step takes 341 and
1290 seconds (according to the log), respectively, on the two platforms and
the two frameworks behave similarly. Compared to training the GPT 175B
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FSDP Training of GPT-175B on 16 nodes of Summit
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Fig. 9 The GPU power, memory, and utilisation trace of FSDP training of a GPT 175B
model on 16 Summit nodes and 16 Crusher nodes, respectively. The time interval between
the dashed lines indicates one batch step.

parameter model, the power usage is significantly lower (on average, 66 for
Summit and 151 Watts for Crusher), indicating lower computation loads, while
the utilization stays at 100% because of the large amount of communication in
terms of both message size and frequency. Nevertheless, due to the benefit of

the large per-device memory, Crusher is 2 orders of magnitude more efficient
for training GPT 1T model.

4.2.4 Runtime and energy projection

Following Eq. 7 and 8, we project the training time and energy consump-
tion based on the previously discussed performance and scaling analyses. In
Table. 2, the estimations are listed for GPT-style model of sizes from 1.4B to 1T
on both Summit and Frontier (using linear extrapolation based on Crusher for
the latter system). For 1.4B and 16B models, the total computation needs are

14
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DeepSpeed-Megatron Training of GPT-1T on 512 nodes of Summit
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Fig. 10 The GPU power, memory, and utilization trace of training of GPT 1T model:
(upper) with DeepSpeed-Megatron on 512 Summit nodes; (lower) with FSDP on 64 Crusher
nodes.

based on the optimal training recommendation [16], where data size (tokens) is
20x the number of model parameters. For larger models (175B and 1T), con-
sidering the limitation of data, a range is provided with the lower and upper
bound being 1x and 20x of the model parameters. Given the per-device com-
putation performance (TFLOPS) and the averaged power (watts), the power
efficiency is also estimated. In general, MI250X-based Crusher is more energy-
efficient for training LLMs, and the advantage grows rapidly for model sizes
beyond GPTS3.

As Crusher system bears the same architecture as the first Exascale
system—Frontier and their unprecedented mix-precision capability, we believe
they are well-suited as the platform for training LLMs at extreme scale. We
observe that these values for training LLMs are over 4x more power efficient
than executing traditional simulation workloads (~ 52 GFLOPS/Watt).
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Table 2 Training time and energy cost projection for GPT-style LLMs on Summit and
Frontier supercomputers.

Model | Summit | Frontier
Time Energy Efficiency Time Energy Efficiency
(node hours) (MWh) (TFLOPS/Watt) | (node hours) (MWh) (TFLOPS/Watt)
1.4B 202 2.8 0.204 108 2.2 0.255
16B 23K 30 0.185 12K 24 0.239
175B | [0.6M, 12M]  [309,6176] 0.165 [0.1M, 3M]  [217, 4338] 0.235
1T [1B, 21B] [3.7¢5, Teb] 0.01 [SM, 160M]  [5e3, 9ed] 0.343

Compared to the cost modeling based on the theoretical performance in
Fig. 5), our projection is about one order of magnitude larger for GPT3-size
model, which is due to software maturity and the hardware limitation. We will
discuss the performance gap, current practices and provide considerations for
future platforms.

One caveat to consider in our estimation is that the analysis is based on the
current implementations of GPT-NeoX (DeepSpeed-Megatron) and PyTorch
(FSDP). It’s important to note that the field is rapidly evolving, with ongo-
ing advancements that can further reduce communication costs. For instance,
techniques such as message compression [36], model pruning [37], and autotun-
ing of parallel strategies [38] have shown promise in significantly mitigating the
network bandwidth requirements for scaling up LLM training. If these tech-
niques are validated in terms of model accuracy and generalizability, it will
be necessary to update the computational and energy cost projections accord-
ingly. In our future study, we will delve into these optimizations and conduct
end-to-end pre-training of LLMs.

4.3 Considerations for future platforms

Based on the above evaluation, we can draw following observations on the
considerations for future platforms.

Compared to the theoretical peak performance of a device (V100 or
MI250X), there is a gap in how much performance that can be extracted for
training LLMSs, especially at scale. In Fig. 11, we plotted TFLOPs per device
and projected training time for GPT 1T models with 1T tokens on both Sum-
mit and Frontier, respectively. The achievable performance is around 40% of
the peak, similar for V100 and MI250X. This reflects the kernel workloads
(e.g., GEMM parameters) of the model architecture. However, accommodating
a large mode comes at the cost of additional communication (Eg. 4, 6), and
the performance at scale has another 3x and 2 orders of magnitude drop for
Frontier and Summit, respectively. The impact is larger on Summit because
1) the per node GPU memory on Summit is 5x smaller and hence more
nodes are needed to fit in the model; 2) the node injection bandwidth is 4x
smaller. Therefore, for LLM training, larger amounts of per node device mem-
ory and communication bandwidth lead to obtaining better performance, but
the specific requirements depend on the model size. In the following, we will
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Fig. 11 Performance gap of training GPT 1T model at scale.

extrapolate the communication requirements for training a GPT 1T model on
MI250X-based platforms with 128 GB of memory per dual-die GPU.

For a GPT 1T model using a sequence length of 2048 tokens, one MI250X
can fit 4 samples per batch. Hence the ideal step time with linear scaling is,

ste
t5%°P = Toyo%. / Revops

=49=x 10 /RTFLOPS' (9)

Assuming the software is perfectly optimized to overlap the communication
with computation, the minimum bandwidth required to achieve perfect scaling
following the communication volume C4 (Eq. 4) is then,

bideal(GB/S) = CA/tStep
= 0.24 % RTFLDPS~ (10)

Similarly, a bandwidth requirement for the scenario of overlapping half of
communication with computation can also be derived. As shown in Fig. 12,
the lower-bound requirement for ideal scaling of distributed training of GPT
1T model on MI250X-based platforms is plotted. For theoretical peak and
achievable performance, the minimum per-device communication bandwidth
needed is 37 and 94 GB/s, respectively. The current 25 GB/s per-device on
Crusher is not sufficient to support linear scaling for training GPT 1T model.
We ignore I/0 requirement in our analysis because it can be straightforwardly
hidden among computations given the typical global batch size of millions of
tokens (less than GB in size) and an ideal step time of hundreds of seconds.

The above analysis can be applied to future generation GPU devices with
specified memory capacity and compute performance as well, and hopefully
can serve as a heuristic for platform design.
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Fig. 12 Communication need for distributed training of GPT 1T model on MI250X-based
platforms.

5 Conclusion

To conclude, we systematically evaluated state-of-the-art techniques for train-
ing LLMs on two of the DOE’s leadership-class platforms. By establishing
performance baselines and scaling up the model sizes and the computing
resources, we projected the runtime and energy cost for training LLMs from
scratch. This can serve as a base for the feasibility analysis and practical guide
in building foundation models for sciences. Our results indicate that Fron-
tier is a promising platform for GPT3-size model training. Furthermore, the
considerations we drew from the evaluations of both Nvidia- and AMD-based
hardware and software stacks can benefit the design of future platforms.
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