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Abstract—Large Language Models (LLMs) have recently gained
significant popularity due to their ability to generate human-like
text and perform a wide range of natural language processing
tasks. Training these models usually requires a large amount of
computational resources and is often done in a distributed manner.
The use of high-speed interconnects can significantly influence the
efficiency of distributed training. Therefore, there poses a need for
systematic studies to explore the distributed training characteristics
of these models on high-speed interconnects. This paper presents a
comprehensive performance characterization of representative large
language models: GPT , BERT, and T5. We evaluate their training
performance in terms of iteration time, interconnect utilization, and
scalability, over different high-speed interconnects and communication
protocols, including TCP/IP, IPoIB, and RDMA. We observe that
interconnects play a vital role in LLM training. Specifically, RDMA-
100 Gbps outperforms IPoIB-100 Gbps and TCP/IP-10 Gbps by an
average of 2.51x and 4.79x regarding training iteration time, and scores
the highest interconnect utilization (up to 60 Gbps) in both strong and
weak scaling, compared to IPoIB with up to 20 Gbps and TCP/IP with
up to 9 Gbps, leading to the shortest training time. We also observe that
larger models tend to have higher requirements for communication
bandwidth, especially for AllReduce during backward propagation,
which can take up to 91.12% of training time. Through our evaluation,
we envision opportunities to improve the communication time for
better training performance of LLMs. We extensively explore and
summarize the role communication plays in distributed LLM training.

Index Terms—Large language models, Characterization,
Transformer, GPT, BERT, T5

I. INTRODUCTION

Generative Artificial Intelligence (AI) is becoming a scorching

topic recently. Transformer-based large language foundation

models [1]–[5] have emerged as powerful techniques for various

natural language processing (NLP) tasks, such as language

translation, text generation, and sentiment analysis. These models

have the remarkable ability to understand and generate human-like

text, making them indispensable for various applications in

industries such as healthcare [6], finance [7], and marketing [8].

However, obtaining effective LLMs is full of challenges due to their

natural characteristics of immense parameter size and complexity,

often consisting of millions, billions, or even trillions of parameters.

Training LLMs require substantial computational power and

memory capacity to accommodate the vast model weights. As a

result, LLM training is extremely resource-consuming, placing high

demands on the underlying infrastructure [9]. Distributed training

§ is the corresponding author.

is applied to address resource eagerness and accelerate the training

process [10], which involves partitioning the model and/or the

training data across multiple compute nodes (usually GPUs and

high-speed interconnects equipped), allowing for parallel training

and reducing the overall training time.

Distributed training for LLMs introduces new challenges,

particularly regarding communication and coordination among the

nodes and GPUs. This is where high-speed interconnects come

into play. As indicated by Figure 1, high-speed interconnects (such

as InfiniBand EDR/HDR/NDR, RoCEv2, high-speed Ethernet,

etc.) play a vital role in facilitating efficient data transfer and

synchronization during LLM training, since they are essential for

achieving fast and scalable communication between nodes and

GPUs, minimizing the communication overhead, and maximizing

the overall system performance.

The sheer volume of training data and the need for distributed

GPU-enabled training of LLMs further intensify the demand for

high-performance interconnects, without which the communication

overheads can quickly threshold the scalability and efficiency

of LLM training. The past decades have witnessed the compute

capability of modern HPC systems scaling at more than twice the

pace of interconnect bandwidth across generations [11]. This trend

raises myriad potential research problems for achieving efficient

and scalable LLM training. Some of them include:

1 Will high-speed interconnects become the bottleneck for com-

munication, and what proportion of the training process is occupied

by communication for various types and configurations of LLMs?

2 Are the current high-performance interconnects utilized well

during different distributed training scenarios?

3 What kind of quantitative performance impact will different

networking technologies and protocols (such as RDMA, IPoIB,

TCP/IP) have on various LLMs training?

To answer these questions, this paper explores and characterizes

the influence and importance of high-performance interconnects in

distributed training of various LLMs. By analyzing and evaluating

the impact of different interconnect technologies and protocols, we

seek to provide the research community with a better understanding

of the significance of high-speed interconnects. To achieve this goal,

our methodology focuses on several dimensions that are crucial in

the context of LLM training:

(1) Workload: We will consider representative LLM models under

different configurations, such as GPT-2 [3] (Medium and Large),
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Fig. 1: Comm. and Interconnect in Distributed Training.

BERT [1] (Large), and T5 [12] (Large). Additionally, we will

employ the widely used English Wikipedia dataset (enwiki) [13] as

it represents a comprehensive and diverse corpus for training LLMs.

(2) Interconnect/Protocol: We will evaluate and compare different

interconnect options, including the widely used TCP/IP [14], IP over

InfiniBand (IPoIB) [15], and the efficient Remote Direct Memory

Access (RDMA) protocol [16]. Each networking technology offers

varying performance and scalability characteristics, significantly

impacting the overall training efficiency.

(3) Scalability: The ability to scale LLM training is critical for

handling increasingly large models and datasets. We will investigate

two types of scalability: strong scaling and weak scaling. Strong

scaling measures the performance improvement achieved by

increasing the compute resources on fixed problem sizes. In

contrast, weak scaling evaluates the ability to maintain a constant

workload per node/GPU while scaling out the overall system.

With our performance characterization, this paper makes the

following key contributions:

1 We propose a performance characterization methodology for

LLM on high-speed interconnects. It closely aligns with real-world

distributed training for LLM, rather than simulated experimental

settings. With this methodology, we measure key metrics such

as communication latency, network bandwidth utilization, and

training scalability to quantify the benefits and limitations of each

interconnect/protocol option.

2 We systematically characterize the performance of LLM training

on interconnects and make observations. Our results show that

high-performance network protocols, like (GPUDirect) RDMA, can

significantly outperform other protocols in training performance,

such as IPoIB and TCP/IP, by 2.51x and 4.79x. Our characterization

also shows that backward parameter sync time can take up to

91.72% in training time, implying communication can become the

major bottleneck for distributed LLM training.

3 By thoroughly examining the dimensions in our methodology,

we extensively explore and summarize the proportion of

communication in the training process. We shed light on the

role and significance of high-speed interconnects in distributed

LLM training. This paper will serve as a valuable resource for the

community by comprehensively characterizing the contribution of

high-performance interconnects on LLM workloads.

II. OVERVIEW OF SELECTED LLMS

The prominent LLMs we choose to evaluate, including GPT [3]–

[5], BERT [1], and T5 [12], have revolutionized natural language

processing with their large model sizes, sophisticated architectures,

and exceptional performance on various NLP tasks. These models

and their variants have opened up new possibilities for text genera-

tion, sentiment analysis, machine translation, and more applications

by pushing the boundaries of language understanding and generation.

The comparison of their architectures is shown in Figure 2.

A. GPT Overview

The GPT (Generative Pre-trained Transformer) is a family

of transformer-based decoder models (Figure 2a) developed by

OpenAI that are used in natural language processing to generate

coherent and diverse texts on various topics. The GPT family

consists of models like GPT-2, GPT-3, GPT-3.5, and the most

recent GPT-4. These models have been trained on large datasets

and can generate human-like text using various styles and topics. At

the forefront of this family of models is ChatGPT, which is based

on GPT-3.5. ChatGPT has gained tremendous popularity due to

its ability to engage in interactive and human-like conversations.

By leveraging the power of deep learning and advanced language

modeling techniques, ChatGPT can produce contextually relevant

responses and hold meaningful discussions with users. The GPT

series has showcased remarkable performance across various

natural language processing tasks. They excel in text summarization,

i.e., distilling lengthy passages into concise summaries; answering

questions, i.e., providing accurate and relevant answers based on

the context; and text completion, i.e., generating coherent and

contextually appropriate text to continue a given prompt.

B. BERT Overview

BERT (Bidirectional Encoder Representations from

Transformers) is another influential LLM. BERT has gained

significant attention in the NLP community due to its outstanding

performance across multiple tasks. The model size can vary

depending on the variants, with BERT-Base consisting of 110

million parameters and larger variants like BERT-Large having up to

340 million parameters. BERT’s bidirectional transformer encoder

(Figure 2b) captures contextual information from both left and right

contexts, enabling it to excel in tasks requiring a deep understanding

of sentence-level semantics and contextual word representations.

By leveraging the bidirectional nature of the model, BERT achieves

remarkable results in tasks such as text classification, named entity

recognition, sentiment analysis, natural language inference, and

more. It has become a foundational model in the NLP landscape,

driving advancements in various downstream applications and

setting state-of-the-art performance on numerous benchmarks.

C. T5 Overview

T5 (Text-To-Text Transfer Transformer) is a transformative

LLM known for its text-to-text transfer learning approach. T5

comes in different sizes, with the largest variant, T5-XXL, boasting

11 billion parameters. The architecture of T5 revolves around

a transformer-based encoder-decoder model (Figure 2c). The

encoder and decoder leverage transformer networks, enabling T5 to

address a wide range of NLP tasks by framing them as text-to-text

problems. This approach allows T5 to generalize across different

tasks and domains, simplifying the training process and promoting
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(a) GPT: Decoder Architecture (b) BERT: Encoder Architecture (c) T5: Encoder & Decoder Architecture

Fig. 2: Overview of Transformer-based LLMs’ Architectures

knowledge transfer. T5 has demonstrated impressive performance

across diverse applications, including text summarization, machine

translation, question-answering, document classification, and more.

Its strength lies in the transfer learning paradigm, where pre-training

on large corpora allows fine-tuning for specific downstream

tasks. The robustness and adaptability of T5 have contributed to

its popularity among researchers and practitioners in the NLP

community, facilitating advancements in various areas of language

understanding and generation.

D. Summary

Large language models have significantly advanced the regime

of natural language processing. We select three kinds of models

representing popular types of transformer-based architectures:

decoder models, encoder models, and encoder & decoder models.

Such sophisticated architectures have enabled them to perform

remarkably on various NLP benchmarks. We will explore how well

these architectures accommodate different networking technologies

and evaluate their performance implications.

III. CHARACTERIZATION METHODOLOGY

A. Methodology Overview

In this subsection, we present an overview of the methodology

used to characterize the impact of high-performance interconnects

on large language models. As mentioned in Section I, our

characterization focuses on three pivotal dimensions: workload,

interconnect/protocol, and scalability, as shown in Figure 3. By

systematically examining these dimensions, we gain insights into

the performance and efficiency of LLM training under different

interconnect settings. The following paragraphs provide a brief

explanation of each dimension:

1) Workloads: The choice of LLMs and datasets is crucial

in our characterization methodology. We consider some popular

open-source LLMs, including GPT-2-Medium, GPT-2-Large,

BERT-Large, and T5-Large, representing a range of model sizes,

architectures, and application domains. These models have been

widely adopted in various NLP tasks and exhibit different compu-

tational requirements. Additionally, we select one representative

dataset enwiki [13]. By evaluating the impact of high-performance

interconnects across different LLMs, we assess high-speed intercon-

nects’ generalizability and performance characteristics in diverse

contexts. More details for the workloads are summarized in Table I.

TABLE I: Comparison of Selected LLMs

Model Architecture Layers
Hidden

Size
Attention

Head
Parameters

GPT-2
Medium

Decoder 24 1024 16 345M

GPT-2
Large

Decoder 36 1280 20 774M

BERT
Large

Encoder 24 1024 16 340M

T5
Large

En/Decoder 24 1024 16 770M

2) Interconnect/Protocol: The choice of interconnect and

protocol is another essential aspect of our methodology. We

consider different interconnect technologies such as TCP/IP, IPoIB,

and RDMA (with GPUDirect). Each interconnect technology

offers different features, performance characteristics, and levels of

efficiency. By exploring the influence of these interconnect options

on LLMs, we can understand how they affect communication

patterns, data transfer rates, and overall performance. This analysis

will provide insights into the suitability of specific interconnect

technologies for LLM workloads.

3) Scalability: Scalability is an essential characteristic of

assessing the efficiency and effectiveness of LLMs in distributed

computing environments. In our methodology, we evaluate both

strong scaling and weak scaling aspects. Strong scaling measures

the performance improvement achieved by increasing the compute

resources with a fixed problem size. In contrast, weak scaling

evaluates the performance of LLMs when both the problem size

and the number of compute resources scale proportionally. By

examining the scalability of LLMs across different interconnect

technologies under the data parallelism training architecture, we

can identify potential bottlenecks, scalability limits, and the overall

efficiency of the distributed training process.

By considering these three dimensions in our methodology,

we comprehensively assess the influence of high-performance

interconnects on LLMs. This characterization will help us gain

valuable insights into the interplay among interconnect technologies,

scaling scenarios, and the performance of LLM workloads.

B. Frameworks and Dataset

1) Framework: We leverage the Megatron-LM [10] framework

for our characterization methodology as our primary distributed

training framework. Megatron-LM is a powerful framework
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Fig. 3: Characterization Methodology.

specifically designed for training large-scale language models.

It provides efficient and scalable implementations of distributed

training algorithms, making it an ideal choice for our investigation.

Megatron-LM offers support for various interconnect technologies,

enabling us to effectively explore the impact of high-performance

interconnects on LLMs. By utilizing Megatron-LM, we can ensure

the consistency and reliability of our experimental setups and

facilitate meaningful comparisons across different interconnects.

2) Dataset: In our characterization methodology, we utilize the

enwiki [13] dataset as a representative example of a large-scale

dataset. The enwiki dataset (20.4 GB) is derived from English

Wikipedia and contains vast text documents spanning diverse topics

and genres. It provides a rich and challenging corpus for training

and evaluating LLMs. By incorporating the enwiki dataset into

our experiments, we can assess the performance and scalability of

LLMs under the influence of high-performance hot interconnects

using a real-world, content-rich dataset. The size and complexity

of the enwiki dataset enable us to explore the implications of

interconnect technologies and parallelization strategies in handling

large-scale language modeling tasks.

IV. PERFORMANCE EVALUATION

A. Experimental Setup

Pinnacles Cluster [17]: The NSF-funded Pinnacles cluster at

UC Merced is equipped with 8 GPU nodes. Each node has two

Intel 28-Core Xeon Gold 6330 CPUs (2.0GHz), 256GB DRAM, 2x

NVIDIA Tesla A100 40GB GPUs with PCIe, and interconnected

via 100 Gbps EDR InfiniBand with RDMA and 10 Gbps Ethernet.

We use up to 4 GPU nodes in the evaluation. All used software

for four models includes CUDA 11.8.0, PyTorch 2.0.0, NCCL

2.14.3, NVIDIA Apex 22.03, and Megatron-LM v3.0.2. We use

data parallelism to emphasize the influence of interconnects on

experiments in this section. We use FP16 precision training and

set global batch size = 16 for strong scaling and micro batch size

= 4 for weak scaling. The number of GPUs and batch size have

such a relation: #GPU × micro batch size = global batch size.

B. Strong Scaling

1) Evaluation on Training Time: Figure 4(a) to 4(d) present

a comprehensive analysis of the performance metrics for four

different models: GPT-2-Medium, GPT2-Large, BERT-Large, and

T5-Large, across various numbers of GPUs and communication

protocols/interconnects. We mainly report average numbers unless

otherwise stated, as models show similar performance trends.

Among all the breakdowns in training iteration time, three notable

components worth discussing are the forward compute time, the

backward compute time, and the backward parameters sync time

(i.e., AllReduce by NCCL).

The forward compute time, representing the duration of the

forward propagation step, is shown by the length of the bottom

stacked bar in each subfigure. The results indicate that as the number

of GPUs increases, all models’ forward compute time diminish,

achieving a strong scaling efficiency of 56.82%. This reduction

in forward compute time signifies the increased computational

power and parallel processing efficiency of utilizing multiple GPUs.

Consequently, more GPUs lead to faster forward propagation time.

Similarly, the second bottom stacked bar in each subfigure

represents the backward compute time, which measures the duration

of the backward propagation step. As observed, the backward
compute time diminishes with the increasing number of GPUs for

all models, achieving strong scaling efficiency of 71.71%. This

reduction in backward compute time suggests that leveraging more

GPUs enables efficient parallel processing during the backward

propagation step, leading to faster gradient computations and

enhanced computing speed.

Observation 1: The forward and backward compute processes

in LLM training can achieve a strong scaling efficiency of

56.82% and 71.71%, respectively.

However, while the forward and backward compute time

diminishes with more GPUs, it is crucial to consider the trade-off

associated with the backward parameter synchronization time via

AllReduce, which is required to synchronize the gradients across

all GPUs during the parameter update phase. As the number of

GPUs increases, AllReduce time also increases significantly by

4.66x with doubled number of GPUs, mainly due to the additional

communication overhead in synchronizing gradients across more

GPUs. Notably, AllReduce time varies significantly depending on

the communication protocol and the underlying interconnects used

in the GPU cluster. Different interconnects and technologies, such

as RDMA or TCP/IP, may exhibit varying latencies and bandwidths,

impacting the efficiency of gradient synchronization. Consequently,

AllReduce time may exhibit variability across GPU clusters and

communication setups. Using 8 A100 GPUs, AllReduce time
takes up 53.4%, 82.48%, and 91.72% of iteration time for
RDMA, IPoIB, and TCP/IP, respectively.
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(a) GPT-2-Medium (b) GPT-2-Large (c) T5-Large (d) BERT-Large

Fig. 4: Training Time Breakdown for Each Iteration under Strong Scaling.

Observation 2: AllReduce communication operation in the

backward parameter synchronization step takes up most training

time in each iteration, with 53.4%, 82.48%, and 91.72% for

RDMA, IPoIB, and TCP/IP, respectively.

The results in Figure 4 highlight the trade-off between reduced

forward and backward compute time and increased AllReduce time

when scaling the models across multiple GPUs. While leveraging

more GPUs leads to faster forward and backward computations, the

increased communication overhead during gradient synchronization

can impact overall training time. Therefore, it becomes essential to

carefully consider the computation intensity required with training

configurations and the choice of communication protocols and the

underlying interconnects to optimize the training process. The scala-

bility analysis among 2, 4, and 8 GPUs underscores the importance

of balancing computational efficiency and communication overhead

in distributed training. We hope it can provide valuable insights

for researchers and practitioners in determining the optimal GPU

configuration and communication setup for their training needs.

2) Evaluation on Interconnect Utilization: Since AllReduce

for backward parameter synchronization takes the most training

time, which can be significantly influenced by protocols and

interconnects, we next analyze the interconnect utilization (achieved

speed) during the experiments. The results are obtained through

system counters. Here we only showcase the interconnect utilization

with 8 GPUs in Figure 5. This choice is made because the

experiment with 8 GPUs demonstrates the highest utilization and

provides a clearer picture of the interconnect’s performance. The

evaluation is based on RX (Receive) and TX (Transmit) speeds of

training the four models with RDMA, IPoIB, and TCP/IP. Due to

their similarity, the result of IPoIB can represent the performance

of TCP/IP on high-speed interconnect to some extent.

Analyzing the data, we observe distinct performance ranges for

each interconnect/protocol option. For the two protocols using 100

Gbps InfiniBand, RDMA shows the highest speeds, ranging from

30 to 60 Gbps for both RX and TX. This indicates that RDMA

can efficiently utilize the available bandwidth, offering the highest

throughput among the tested interconnect/protocol options. On the

other hand, IPoIB exhibits slightly lower speeds, with RX and TX
ranging from 17 to 20 Gbps. IPoIB achieves notable performance

albeit lower speed than RDMA, demonstrating effectiveness in the

given scenario. In contrast, TCP/IP shows the lowest speeds among

the interconnect/protocol options, with RX and TX speeds ranging

from 8 to 9 Gbps. The slowest performance of TCP/IP suggests that

it may be limited in its ability to fully utilize the available bandwidth.

Observation 3: Interconnect utilization for training LLMs

follows the trend – RDMA (30-60 Gbps) > IPoIB (17-20 Gbps)

> TCP/IP (8-9 Gbps) in our experiments.

Furthermore, it is worth noting that few drops in RX and TX

speeds are observed. These drops occur due to the checkpointing

and validation processes performed during these models’ training.

Checkpointing involves saving intermediate model states at

specific intervals, while validation involves evaluating the model’s

performance on a separate dataset. These operations can temporarily

impact the communication and processing speed of the system,

incurring periodic drops in RX and TX speeds.

We observe GPT-2-Large consistently achieves higher RX and
TX speeds (30.47 Gbps) within the models tested than other models,

like GPT-2-Medium (19.93 Gbps), BERT-Large (26.48 Gbps),

and T5-Large (24.19 Gbps). This is because it is relatively large

among all models in our experiments and therefore requires

more data communication. T5-Large suffers more severe periodic

utilization drops albeit in comparable size, which hinders its overall

interconnect utilization. This suggests that GPT-2-Large is more

efficient in utilizing the interconnect bandwidth and demonstrates

better scaling performance in the given strong scaling scenario.

Observation 4: Generally, larger LLMs have higher interconnect

utilization requirements. GPT-2-Large consistently achieves

higher RX and TX speeds at an average bandwidth of

30.47 Gbps in our experiments.

To summarize, there leaves to be desired for the overall intercon-

nect utilization, given we have 100 Gbps InfiniBand and 10 Gbps

Ethernet. Therefore, future analyses may explore the interplay

among the models, GPU configurations, and interconnect/protocol

options to gain a deeper insight into their performance characteristics

and identify strategies for maximizing interconnect utilization.

C. Weak Scaling

1) Evaluation on Training Time: In this section, we evaluate the

weak scaling of those models across different GPU configurations,

specifically 2, 4, and 8 GPUs. We report average numbers due to

similar strong scaling trends unless stated otherwise. From Figure 6,

we can see that training iteration time depends mainly on the
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(a) GPT-2-Medium (b) GPT-2-Large (c) T5-Large (d) BERT-Large

Fig. 5: Interconnect Utilization under Strong Scaling.

(a) GPT-2-Medium (b) GPT-2-Large (c) T5-Large (d) BERT-Large

Fig. 6: Training Time Breakdown for Each Iteration under Weak Scaling.

forward compute time, backward compute time, and backward

parameter synchronization time. As weak scaling refers to the

ability of a parallel system to maintain a fixed problem size per

GPU, we set a fixed micro batch size per GPU to four.

Under varying numbers of GPUs, all models demonstrated

excellent scalability regarding forward compute time and
backward compute time, with 97% and 99.47% for each. As

the GPU count increased from 2 to 4 and 8, these models continued

to scale well, with forward and backward compute time remaining

relatively constant. This indicates that all models can handle larger

problem sizes without significantly increasing compute time. The

ability to maintain a consistent execution time across different GPU

configurations suggests pronounced weak scaling characteristics

for forward and backward computation in these models.

Observation 5: Forward and backward compute time remains

near consistent and can achieve 97% and 99.47% in weak

scaling efficiency for distributed LLM training.

However, it is worth noting that the models showcased varying

weak scaling characteristics regarding AllReduce operation. Across

all models, the overall trend remains the same: AllReduce time

is heavily influenced by the protocols/interconnect. Specifically,

RDMA outperforms IPoIB and TCP/IP by 4.07x and 8.73x,

respectively, leading to 2.51x and 4.79x faster training iterations.

Observation 6: In weak scaling evaluation, AllReduce time for

LLM parameter synchronization remains heavily influenced by

protocols/interconnects. RDMA promotes 2.51x faster training

iterations than IPoIB and the performance disparity further

enlarges to 4.79x compared to TCP/IP.

Among the models, GPT-2-Large and T5-Large demonstrate

longer AllReduce time across all GPU configurations, indicating

potential communication challenges during the parameter

synchronization step. On the other hand, GPT-2-Medium and BERT-

Large showcase relatively shorter AllReduce time. Using 8 A100

GPUs, AllReduce time takes up to 50.5%, 80.78%, and 91.12%
of iteration time for RDMA, IPoIB, and TCP/IP, respectively.

Observation 7: For both strong and weak scaling, network

communications play an important role in LLM training. In

weak scaling, AllReduce time takes up to 50.5%, 80.78%, and

91.12% of iteration time for RDMA, IPoIB, and TCP/IP.

In conclusion, while AllReduce time relies heavily on intercon-

nect types, all models’ forward and backward compute time scales

well. These observations highlight the importance of considering

the interconnect’s characteristics when assessing the scalability of

distributed training for LLMs while showcasing the models’ ability

to scale efficiently in forward and backward computation.

2) Evaluation on Interconnect Utilization: Analogously, we

showcase the interconnect utilization under a weak scaling exper-

iment with 8 GPUs in Figure 7, providing insights into the perfor-

mance characteristics of different models and interconnect/protocol

options. With our analysis, several pivotal findings emerge.

The weak scaling trend initially follows a similar pattern

to the strong scaling experiment across all models and

interconnect/protocol options. As the number of GPUs increases,

the interconnect utilization also improves, indicating that adding

more GPUs effectively utilizes the available interconnect resources.

In the experiment with 8 GPUs, we observe the highest utilization,

demonstrating the scalability potential of the system.
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(a) GPT-2-Medium (b) GPT-2-Large (c) T5-Large (d) BERT-Large

Fig. 7: Interconnect Utilization under Weak Scaling.

Among the tested models, GPT-2-Large consistently exhibits the

highest utilization (28.6 Gbps), reaffirming its demand to effectively

utilize the interconnect. This can be attributed to its larger model

size and computational requirements, rendering more use of the

available computational resources and interconnect bandwidth.

Regarding interconnect/protocol options, RDMA consistently

outperforms IPoIB and TCP/IP. RDMA, with its efficient direct

memory access capabilities, achieves the highest RX and TX
speeds (38-56 Gbps). IPoIB follows with slightly lower speeds

(17-20 Gbps), while TCP/IP exhibits the lowest speeds (8-9 Gbps).
This hierarchy emphasizes again the importance of choosing the

appropriate interconnect/protocol option for achieving optimal

interconnect utilization.

Observation 8: The interconnect utilization under different

protocols/interconnects in weak scaling is analogous to that in

strong scaling, with the interconnect utilization of 38-56 Gbps

for RDMA, 17-20 Gbps for IPoIB, and 8-9 Gbps for TCP/IP.

Additionally, periodic drops in RX and TX speeds are observed in

the data, analogous to the strong scaling experiment. These drops oc-

cur due to the checkpointing and loss validation processes necessary

to maintain the training process’s integrity and accuracy. A heavier

workload of 8 GPUs incurs more pronounced RX and TX speed

drops. Despite being temporary, these drops reflect the trade-off be-

tween performance and ensuring the quality of the training process.

In conclusion, the weak scaling experiment with 8 GPUs rein-

forces the importance of interconnect utilization in scaling scenarios.

The result highlights GPT-2-Large’s higher interconnect utilization,

the advantage of RDMA over IPoIB and TCP/IP, and the presence of

periodic drops in Recv and Send speeds. These findings contribute to

a deeper understanding of the performance characteristics of models

and interconnect/protocol options in the context of weak scaling.

Further analysis and experimentation can build upon these insights

to optimize interconnect utilization in different scaling scenarios.

D. Summary

As illustrated in Figure 8 , we further evaluate these models with

increased batch sizes until out-of-memory (OOM) and observe a sim-

ilar trend where communication takes a large portion of the iteration

time. Notably, this figure demonstrates that even though increasing

the batch sizes can result in a reduced proportion of communication

time in the overall iteration time (amortized by the prolonged

Fig. 8: Fraction of Comm. vs. Iteration Time with Larger Batch Sizes

computation time), the communication time can still occupy at

least 34% of iteration time (except for BERT-Large, as it allows for

a much larger batch size). This observation highlights a lower bound

of the communication time proportion since it investigates until the

maximum batch size a model can train with at the given scale.

V. RELATED WORK

Optimizing and characterizing big data and deep learning

workloads on high-speed networks have been fruitful research topics

recently. Studies on RDMA-optimized versions of Hadoop [18],

[19], Spark [20], [21], TensorFlow [22], [23], and PyTorch [24]

demonstrate that Big Data and Deep Learning technologies can

achieve remarkable performance gains through utilizing these high-

performance interconnects. DLoBD [25] investigates the impact

of high-performance interconnects on integrating deep learning

systems (e.g., TensorFlow and Caffe) with big data processing

stacks (e.g., Hadoop and Spark) in HPC clusters. Megatron-LM [10]

presents techniques for training very large transformer models with

billions of parameters using an efficient intra-layer model parallel

approach. Compared to these investigations, this paper focuses on

the emerging LLMs training within the context of performance

characterization using high-speed interconnects, which delves into

a more detailed analysis and specifically addresses the challenges

and opportunities associated with their integration.

Research efforts have endeavored [26], [27] to provide

standardized and objective performance evaluations of machine

learning systems across different hardware platforms and software

frameworks. MLPerf [28], [29] is a major success in establishing

a standardized framework for researchers in academia and industry
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to submit state-of-the-art benchmark results. While the MLPerf

benchmarking framework may not directly address the impact

of high-speed interconnects on LLM training, the results and

methodologies provided by this paper complement existing ML

benchmarking efforts for guiding the experiments and performance

evaluations of LLMs on high-speed networks.

VI. CONCLUSION AND FUTURE WORK

Overall, this paper contributes to understanding the performance

characteristics of large language models over high-speed

interconnects. We extensively explore and summarize the role

communication plays in distributed LLM training. The results

can inform the design and deployment of efficient systems to

support the growing demand for LLM applications. The evaluation

results enable us to yield valuable observations. These findings

indicate that strong scaling and weak scaling experiments exhibit

similar trends, emphasizing the influence of interconnect/protocol

in distributed training and the importance of effective interconnect

utilization. Some of the pivotal observations include:

1 Forward and backward compute times scale well for both

strong and weak scaling. However, distributed training with

data parallelism for LLM brings scalability challenges for

communication during backpropagation.

2 Faster interconnects/protocols can significantly reduce the

distributed training time for LLMs. In particular, our numbers show

that GPUDirect RDMA outperforms IPoIB and TCP/IP by 2.51x

and 4.79x on average, regarding training performance.

3 LLMs with more parameters tend to show higher interconnect uti-

lization requirements, but there is still room for the overall intercon-

nect utilization to be improved even under heavy LLM workloads.

Some of the future work may include investigating other

parallelism methods like model parallelism, exploring distributed

training behavior for even larger models at larger scales, and

developing techniques to further optimize interconnect utilization.
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