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Abstract

Training Transformer models on long sequences in a distributed setting poses
significant challenges in terms of efficiency and scalability. Current methods are
either constrained by the number of attention heads or excessive communication
overheads. To address this problem, we propose StarTrail, a multi-dimensional
concentric distributed training system for long sequences, fostering an efficient
communication paradigm and providing additional tuning flexibility for communi-
cation arrangements. Specifically, StarTrail introduces an extra parallel dimension
and divides the peer-to-peer communication into sub-rings to substantially reduce
communication volume and avoid bandwidth bottlenecks. Through comprehensive
experiments across diverse hardware environments and on both Natural Language
Processing (NLP) and Computer Vision (CV) tasks, we demonstrate that our ap-
proach significantly surpasses state-of-the-art methods that support Long sequence
lengths, achieving performance improvements of up to 77.12% on GPT-style mod-
els and up to 114.33% on DiT (Diffusion Transformer) models without affecting
the computation results.

1 Introduction

Over the past decade, Transformer[38] models have made remarkable strides in diverse fields,
including computer vision (CV) and natural language processing (NLP). As the technology has
evolved, the ability to efficiently process long sequences with Transformer has emerged as a pivotal
challenge. For instance, in text summarization, the ability to handle extensive sequences is vital, as
the content to be summarized can range from lengthy chapters to entire books [17, 3]. Similarly,
chat-based applications, such as ChatGPT [1]], require the capacity to process extensive dialogue
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histories to ensure conversational consistency. There are also applications in other fields like video
generation[5, 30] and protein structure prediction[[15} [7].

The long context in the above scenarios has introduced several challenges for model training and
inference: 1) Efficiency and Adaptability. The challenge of efficiency predominantly lies in handling
long sequences that require quadratic computations during attention, and in addressing the large
amount of communication during distributed processing. 2) Memory. Besides the major obstacle
of storing the model weight and optimizer states, the activation has also exceeded the capacity of a
single GPU and risen as a new memory challenge due to the extreme sequence length. 3) Scalability.
Current Transformer models usually require thousands of GPUs for pre-training, even with datasets
of regular lengths. For longer sequences, ensuring an acceptable scaling speedup rate with both
the sequence length and the number of GPUs increasing is even more critical to reducing time and
economic costs.

Traditional parallelisms such as Data Parallelism[12}

37, 22, 141], Tensor Parallelism[37, 39, 40], and P2P Total Communication Volume
Pipeline Parallelism[13} [10 23| 25] distribute the
model, input batch, and the optimizer states, but can
not directly address the large memory requirement
of extremely long sequences as the sequence length
dimension remains unchanged. To break through
this obstacle, Sequence Parallelism has been intro-

duced, splitting the input on the sequence length di- s sequene Length (ke
mension. Mainstream Sequence Parallelism schemes DIT on Nvidia A100 GPT on Nvidia H100
can generally be classified into two categories, and .
are usually combined [[11] to complement each other’s
drawbacks. Methods like DeepSpeed Ulysses[14], 2 s

which are based on all-to-all communication, offer ef- r

ficiency but require the splitting of attention heads. F° wing stwrmai2stariaica ®  Ring starmail-2 startrai-a
Consequently, these methods are limited in scala- ) )

bility and can not be scaled to more devices than Flg“fe 1. StarTrail-2 and StarTrail-4 theo-
the number of attention heads. On the other hand, retically save around 50% and 75% of total
peer-to-peer communication methods[24} 20], such P2P communication Yolume for various se-
as Ring Attention[24], do allow for near-infinite con- quence length anq glchleves up to 2x speedup
text lengths; however, they require the transmission ™ end-to-end training

of complete keys and values across all GPUs, leading

to significantly high communication loads. In sum-

mary, there remains a deficiency in communication-efficient methods that are capable of supporting
near-infinite context lengths. In this paper, we focus on solving the communication inefficiency of
ring-style sequence parallelism.

60 mmm RingAttn
StarTrail-2
StarTrail-4

Communication Volume (GB)

o e

4
10

Throughput (K Tokens/s)

To solve these challenges, we introduce StarTrail, a novel near-infinite-context Transformer training
system with concentric multi-ring sequence parallelism that incorporates an additional parallel
dimension into the existing ring-style communication. Specifically, instead of including all GPUs
in a single parallel group as done in Ring Attention [24], StarTrail groups the GPUs into teams
and divides the peer-to-peer communication within these teams. This approach fosters an efficient
communication paradigm and provides extra tuning flexibility for communication arrangements.
With very little additional memory cost, StarTrail parallelism significantly reduces the peer-to-
peer communication volume, as shown in Figure[I] Compared to previous works, StarTrail is not
limited in supported sequence length by attention heads like DeepSpeed Ulysses[14] and Megatron
Sequence Parallelism[18]], and also shows better communication efficiency and scalability than Ring
Attention[24]. We perform experiments on mainstream Transformer models, including GPT-style[33]]
and DiT-style[31]], conducting performance and scaling tests across various computing clusters.
Experiment results indicate that our StarTrail system outperforms Ring Attention by up to 77.12% on
the GPT model and up to 114.33% on the DiT model, showcasing its efficiency and scalability.



2 Background and Related Works

2.1 Long Sequence Training and Sequence Parallelism

The key mechanism behind these Transformer-based models is att@8fjovijich captures the text

feature by calculating the attention score between every two single tokens. However, the sequence
length can reach hundreds of thousands, when dealing with multi-round chatting, or high-resolution
long video generation. It then becomes necessary to distribute the sequence across multiple GPUs.
This distribution helps to reduce both the memory and computation demands on any single device.
This strategy is also known as sequence parallelism. Presently, Sequence parallelism can be divided
into two main categories: attention-head-sharding-based and peer-to-peer-communication-based. The
former involves distributing the attention heads of multi-head attention across multiple GPUs, whereas
the latter resembles a distributed version of FlashAttention, relying on peer-to-peer communication
to transfer keys, values, and intermediate statistics.

2.1.1 Ring-peer-to-peer-communication-based

The primary method in peer-to-peer-communication-

based strategies is Ring Attenti@d], which is also

the main baseline of this work. Introduced in 2023,

Ring Attentionp4] innovatively partitions the se-

guence dimension and utilizes a ring-style peer-to-peer

(P2P) communication pattern to transfer Keys and Val-

ues across all GPUs. Each GPU receives the key and

value matrices from the preceding rank, updates the lo-

cal attention score, and then forwards them to the nesyure 2: An example of Ring Attention
rank, as is shown in Figure 2. This method employsomputation on 16 GPUs in two nodes. The

an online-softmax and updates attention scores inat®mmunication is largely limited by the
mentally, allowing the computation of attention scorggter-node bottleneck.

without retaining the full sequence length. Thus, it po-

tentially supports in nite context, provided suf cient

computing resources are available. However, the requirement for the same number of rounds of P2P
communication as the number of GPUs renders this approach less ef cient in environments with
high-latency communication.

Figure 3: An overview of the StarTrail Training System

2.1.2 Attention-Head-Sharding-Based

There are two representative methods, DeepSpeed-Ulysses and Megatron Sequence Parallelism in
this category. DeepSpeed-Ulyssieg[transitions from sequence parallelism to a method akin to
tensor parallelism with two all-to-all communication. It divides the query, key, and value matrices
across the attention heads, thereby preserving the original attention computation structure. Megatron
Sequence Parallelisiff] focuses on minimizing memory usage and reducing the necessity for



activation recomputation rather than ef ciency. The two methods both rely on the number of attention
heads to split the sequence, thus limited in scalability, especially when employing techniques like
grouped-query attention (GQAZ2] or multi-query attention (MQA) 36]. As these two sequence
parallelism methods am@thogonal to the ring-based method, they are usually combined with ring
attention to enable longer sequences.

In this paper, we focus on optimizing ring-style sequence parallelism, noting that integrating it with
DeepSpeed-Ulysses Parallelism does not interfere with the underlying ring process.

3 StarTrail Training System

Figure 4: An example of StarTrail Attention on 64 GPUs. Each team member forms a sub-ring with
members with the same local rank from other teams in the same ring communication group, reducing
the communication volume of each team member by 75%.

3.1 Motivation

Through observation, we identify two main drawbacks of Ring Attention. First, the communication
overhead is exceedingly high because every GPU in the system must send and receive keys and
values for nearly the entire sequence length before completing the attention computation. Second,
variations in bandwidth between and within computing nodes can cause communication bottlenecks.
As illustrated in Figure 2, the bandwidths between GPUs 3 and 4 and between GPUs 11 and 12 are
lower than those between other GPUs in the ring. Despite this, the system is forced to operate in a
complete circle, which can result in unnecessary idle times for other GPUs. To solve these drawbacks,
we develop the StarTrail training system, which we will detail in the following section.

3.2 StarTrail Attention

As discussed in the previous section, a major

limitation of Ring Attention is the extensiveFigure 5: Meanings of the symbols that are used
amount of peer-to-peer (P2P) communicatiqR this paper

required, which becomes problematic in envi-
ronments with weak connections between com?  The number of GPUs

puting nodes. We enhance the ring sequence The parallel size of StarTrail (team size)

parallelism by introducing an additional dimen-H  The hidden dimension size of the Transformer blocks
sion. The fundamental idea of StarTrail is akinN  The total number of tokens within the whole sequence

to a divide-and-conquer strategy. During attenB  The training batch size

tion, each token must compute its attention scorgy  The communication bandwidth between GPUs

with every other token in the sequence. WhileL  The communication latency between GPUs

Ring Attention passes keys and values alonga

ring of P GPUs overP 1 iterations, our ap-

proach introduces the concept ofemm. In this setting, each team member interacts only with

a designated portion of the overall sequence, and the results are later aggregated using collective




communication. Thus, StarTrail can be devided into three phasegrocessing ring-phase, and
postprocessing

For preprocessing we duplicate the queries within a team using an all-gather operation. This ensures
that when a GPU receives new keys and values, it can compute the attention scores for the entire
team's queries. Similarly, gathering the keys and values allows us to reduce the number of P2P
communication iterations by transmitting longer sequences per iteration. Following the preprocessing,
we enter theaing-style communication phase With the number of GPUs in one team bei@g

CN=P tokens are exchanged in each iteration, and each GPU is responsible for conzting

tokens. This leads to a number of iteration%%% = CP—Z; within a smaller ring, which we refer

to as asubring. For convenience, we grou§2— adjacent teams into am group for subring
communication, where GPUs sharing the same local team rank form the subring. An initial P2P
communication step is executed to ensure that each team group has access to the complete set of keys
and values for the sequence (details are provided in the Appendix). After completing the subring
iterations, each GPU holds=C of the overall computation result for its team. With the help of
online softmax, we then apply a simple reduce-scatter to combine these results while eliminating
the duplicate tokens, which we refer to as pustprocessing Throughout the attention process,
asynchronous communication is employed alongside the early launch of communication kernels to
maximize the overlap of computation and communication tasks. Now we will delve into more details

in the StarTrail training process.

3.2.1 Con gurations of StarTrail Parallelism

In the StarTrail system, GPUs are grouped iidfamgo coordinate computation and communication
tasks more ef ciently. StarTrail introduces an additional param&ewhich determines the replica-
tion factor q; the input and, consequently, the number of GPUs within each team. The rahge of
jsfrom1to P. WhenC equals one, the algorithm falls back to Ring Attention. WReaquals

P, the %Igorithm becomes a completely collective-communication-based one with no rings. When
1<C < ' P,itbecomes a structure with multiple rings looping concurrently.

Algorithm 1 StarTrail Attention Block (Forward)

Require: Input sequence, Linear Functionquery, key, andvalue, attention parallelism size,
global rankr, global sizegs team process groygm, init send/recv targ@atseng andr recy
1: compute the gathera®.,, ; Kieam ; Vieam = AllGather_QKVmatmul@uery, key, value, x, pg
: launch the asynchronous send and receive request
r€Qseng aNAred,qqy, » S€NdiNGKieam ; Vieam 10 I'send aNd receivingnext ; Vnext from rrecy
. getthe ring P2P targetey andr,st with get P2P_ranks(gs c)
. initialize attention scor®, extra statisticéseto zero. // Ise stands for log-sum-exp
forl i world_size? do
wait for reqgeng andred,qq,
Kcurrent = Knext » Veurrent = Vnext
launchreqge,g 10 senKeyrrent @aNdVeyrrent 1O Inext » laUNChreq,qq, t0 receiveknext andvne
from rast
9: calculatese, O=
forward_iteratioflse, O, Qieam ; Kcurrent ; Veurrent )
10: end for
11: computeO 5 = ReduceScatter_combifise, O, pg
12: returnO pg

N

NGO R®

Forward Propagation. In Figure 4, we have an example of one team of four GPUs out of all the

64 GPUs performing StarTrail-style attention. Each training iteration begins with the dataloader
splitting the entire input sequence of lendthinto N=P sub-sequences, which are then loaded onto
each GPU. As previously mentioned, the next step involves computing the queries, keys, and values.
These are computed separately via matrix multiplication, followed immediately by the launch of the
all-gather kernel, which gathers the above QKVs within the team, allowing for the overlap of up to
two-thirds of the communication with computation.

Once this phase is complete, each GPU within the team possesses the same Q, K, and V, each of a
length of%‘. To distribute the communication and computation tasks among the team members,



we divide the original workload based on four speci c ranks assigned to each GPU. These ranks
determine each GPU's partners and position within the P2P ring, as is shown in Figure 6.

Following the setup, the Keys and Values are dis-
patched to their designated locations within the cluster
to establish the initial sub-ring, setting the stage for the
multi-ring iteration phase of StarTrail attention. Given
that each sub-sequence%‘r long and each GPU is

tasked with computing the attention score émof the

. -N=C — —2
whole sequence, it results ﬁﬁ 1=Pp=C" 1 Figure 6: An example of ring initialization
rounds of communication. This implies that there a'i?rocess of 8GPUs and 4 sub-rings in Star-
P=C? GPUs in one ring. Trail.

The iteration process involves storing the log-sum-exp

(Ise) and intermediate output O, which are updated

step by step. Queries are retained locally, while Keys

and Values circulate through the ring via P2P communication. After completing the iterations, each
team member accumulates the attention scores for the entire team's sub-sequence of Queries with
1=C of the Keys and Values from the full sequence.

A simple reduce-scatter operation is then employed to amalgamate the intermediate results and
distribute them among the team members. Each GPU ultimately contains the nal attention score for
its portion of the sequence over the entire sequence.

Backward Propagation. The major distinction between backward and forward propagation is the
inability to calculate queries independently during the backward phase. Unlike forward propagation,
the backward phase requires the complete set of keys and values to calculate the gradient for queries,
and vice versa. To manage this, we have structured the gradient calculation into two loops: the key
& value outer loop and the query inner loop. In the outer loop, gradients for keys and values are
tracked and maintained xed on the corresponding GPUs within the sub-rings; these gradients do
not transfer between GPUs. The inner loop, however, handles the gradients for queries, which start
initialized as zero and are circulated along the sub-rings together with the Queries themselves. During
each iteration, the approach mirrors the backward computation method used in FlashA&gntion[
where the updated gradient of the current query shard is passed to the next GPU in the ring, while the
gradients for keys and Values are retained for subsequent query shards.

3.2.2 Theoretical Analysis

During the analysis, we will employ a case study using the StarTrail system with an attention parallel
size ofC = 4 on a llama-30B model, which consists of 64 layers. For this model, referred to as
model M, the batch size B is set to 1, the sequence lengtiN=to 65536, the hidden dimension =

H to 6656, and the number of GPU%=to 64. Additionally, the computation will utilize b oat16
precision.

Communication Analysis. Let's analyze the communication overhead within one forward Trans-
former block on a single GPU. For Ring Attention, the communication is primarily due to the ring
P2P loop. As the total number of iterations don®is 1, the total communication overhead can be
calculated as:

2BNH 2BNH (P 1)
=+ = — = @0
(P 1) PW L) WP

and this overhead can be partially overlapped with the attention computation.

+(P 1)L 1)

For StarTrail, the communication overhead comes from both collective and P2P. The collective
overhead for all-gather and reduce-scatter is:

4BNH (C 1)

2
PW @
while the P2P communication can be similarly computed as:
P 2CBNH (P C?2BNH P
1 —  + )= — < +(— 1)L
(02 X PW ) CPW (CZ ) 3)



The advantages of StarTrail over Ring Attention during the ring-P2P phase are evident in three
main aspects: IlReduced Communication and Latency Ring Attention requires C times more
communication than StarTrail, signi cantly increasing the bandwidth requirement across the entire
cluster. For the llama 30B model M, the total communication volume of ring P2P communication
and collective communication volume for Ring Attention and StarTrail can be computed as 1.625
GB and 0.152 GB(collective) + 0.406GB (P2P) = 0.558GB. Furthermore, while Ring Attention
necessitateB  1iterations per attention block, StarTrail only requi@s 1, reducing the latency
overhead by aroun@?. 2) Localized Communication In scenarios like those depicted in Figure

3, StarTrail's ring P2P communication can be con ned within the same computing node, where
bandwidth is typically much higher than between computing nodes. Conversely, Ring Attention
demands inter-node communication during every iteration, which can be less ef cidfthahced
Overlap of Communication and Computation: During each iteration, the communication volume

of StarTrail isC times higher than that of Ring Attention, while the computational volume during
attention is approximatel? times greater. This higher computation-to-communication ratio makes

it easier for StarTrail to overlap P2P communication with computation, enhancing overall ef ciency.

Memory Analysis. In this section, we estimate the theoretical peak memory requirements necessary
to store the model weights, activations, and optimizer states. Our implementation utilizes the Adam
Optimizer [L6], b oat16 precision, and Zero-2 optimizatio84]. We name the memory cost for the
model and optimizer a§l n, + . As for the activation, we refer to the size of one single activation of a
sub-sequence on one GPU as
B N H

A= = (4)
As we use the checkpointing scheme fra20][ a model ofY layers needs to savé + 1 activations
as checkpoints. Now we calculate the approximate peak memory after Q, K, and V are already
calculated and before the attention computation at the last layer of the whole model. For Ring

Attention and StarTrail, the peak memories are:
PMRing = Mm+ot+ (Y +4)A ()
PMsiar = Mp+o+ (Y +3C+1)A (6)

, Where C is the StarTrail attention dimension. And for the example model M, the peak memory
would beM 4+ o +68A andM .+ o + 77 A, and the extra memory cost compared with Ring Attention

is a lot less than 13.2%, while the P2P communication volume is reduced by about 75%. In a word,
the extra memory cost is acceptable as a tradeoff for the communication reduction.

4 Evaluation

Table 1: Cluster and Model Con gurations. All GPUs are connected with NVLink with computing
nodes.
GPU dev. node Mem. (GB) inter-node bandwidth Model #Heads #Layers Dim.

H100 8 8 80 8*400Gbps In niBand GPT 3B 12 16 4096
A100 16 2 40 100Gbps Ethernet GPT 7B 32 32 4096
A100 8 4 40 100Gbps Ethernet  DIT 1B 24 24 1536
A100 4 8 40 100Gbps Ethernet

The computational resources we use in the experiments include a local Nvidia H100 cluster with eight
nodes and three Nvidia A100 clusters, as listed in table 1. We utilize two model types of total three
settings, as listed in table 1. For the DiT(Diffusion Transformer) model, we use similar con gurations
as those in Stable Diffusion g, We utilize the backbone Diffusion Transformer only, without other
components like the text and image encoders. During training, both models use b oat16 precision
and a batch size of 1 to accommodate longer input sequences.

In the evaluation section, we aim to answer three major questions: 1) How much improvement in
throughput can StarTrail bring? Additionally, how adaptable is StarTrail to clusters with both good
and poor inter-node connections? 2) Is the additional memory cost incurred by StarTrail acceptable
considering the throughput improvement it offers? 3) How does StarTrail perform in scenarios of
weak and strong scaling? Speci cally, does it outperform Ring Attention when scaled to handle
longer inputs?



Figure 7: Throughput evaluation of Ring Attention and StarTrail on 32 GPUs from three different
clusters. We place the performance of StarTrail with both C=2 and C=4 in the gure. The con gura-
tions are marked in the titles of the sub- gures. For instance, A100_40GB_8(1B, 512K) represents
that the experiment is on machines with 8 Nvidia A100 40GB GPUs in each node, the model used
has one billion parameters, and the sequence length is 512k.

4.1 Throughput and Adaptability

Our rst experiment aims to assess the performance of StarTrail and Ring Attention across different
clusters with varying environments, testing the adaptability of both methods. There are several factors
in uencing the ef ciency of ring-style attention computation:

Theoretical Computation-Communication Volume Ratio: Primarily determined by the sequence
length used during training. Attention computation exhibits a computational complexigdf H),
whereas P2P communication complexityJéN H). Thus, the model con guration does not impact
this ratio; only the sequence length does. A lafgeincreases the computation-communication ratio,
facilitating easier overlap of communication with computation.

Compute Capability and Connectivity of GPUs: The computing overhead, given a specic
volume, affects the computation-communication overhead ratio. Higher compute capabilities make
overlapping more challenging. We utilize two sets of GPUs in this evaluation: Nvidia A100 40GB
and Nvidia H100 80GB, with the latter offering signi cantly higher theoretical t ops on bfl6
computations. Connectivity is considered in two parts: intra-node and inter-node. Our clusters are
equipped with NVLink, ensuring robust intra-node communication. For inter-node communication,
our H100 nodes leverage In niBand with eight adapters per node for superior inter-node bandwidth,
whereas the Google Cloud servers use Ethernet. The diversity in node con gurations (8-GPU and
16-GPU nodes) allows us to assess adaptability across different topologies. This evaluation not only
highlights the inherent differences between the schemes but also tests their exibility in various
hardware settings.

The results of our evaluation are illustrated in Figure 7. We measure throughput in thousands
of tokens per second. To better demonstrate how to select the optimal con guration of StarTralil
under each condition, we included two con gurations, Star-2 and Star-4, in the gure. We omit
con gurations with lower performance for clarity. As indicated in the gure, in all six settings, at least
one con guration of StarTrail achieves higher throughput than Ring Attention, with 2.114x, 1.414x,
1.629x, 1.425x, 1.360x, 1.199x, 1.771x, and 1.346x the throughput of Ring Attention. This advantage
is primarily due to the additional parallel dimension that StarTrail introduces. Unlike Ring Attention,
which requires inter-node P2P communication in each iteration, StarTrail's P2P communication is
mostly con ned intra-node, except for initial data transfers. This experiment clearly demonstrates
StarTrail's superior performance across various environments. Another observation is that the optimal
con guration for StarTrail may vary depending on the environment, re ecting differences in the
computation-communication ratio and the trade-offs between collective and P2P communication.
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