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ABSTRACT
Large Language Models (LLMs) with long context capabilities are integral to complex tasks in natural language
processing and computational biology, such as text generation and protein sequence analysis. However, training
LLMs directly on extremely long contexts demands considerable GPU resources and increased memory, leading
to higher costs and greater complexity. Alternative approaches that introduce long context capabilities via
downstream finetuning or adaptations impose significant design limitations. In this paper, we propose Fully
Pipelined Distributed Transformer (FPDT) for efficiently training long-context LLMs with outstanding hardware
efficiency. For GPT and Llama models, we achieve a 16x increase in sequence length that can be trained on the
same hardware compared to current state-of-the-art solutions. With our dedicated sequence chunk pipeline design,
we can now train 8B LLM with 2 million sequence length on only 4 GPUs, while also maintaining over 55% of
MFU. Our proposed FPDT is agnostic to existing training techniques and is proven to work efficiently across
different LLM models. Code is available.

1 INTRODUCTION

The rapid advancement of large language models (LLMs)
has significantly impacted natural language processing
(NLP), driving improvements across a wide range of applica-
tions. As LLMs like GPT-4, Claude, and Gemini become in-
creasingly capable of processing regular prompts, there is a
growing demand to extend their context windows to accom-
modate longer input sequences. This capability is crucial
for a variety of applications, including comprehensive docu-
ment analysis, where models must process entire legal doc-
uments or scientific papers (Peng et al., 2023; Xiong et al.,
2023); long-form content generation, such as writing books
or detailed reports; maintaining coherent and contextually
relevant long-term dialogues in conversational AI (Beltagy
et al., 2020; MosaicML, 2023; Munkhdalai et al., 2024;
Touvron et al., 2023); and handling complex multi-step rea-
soning tasks in fields like healthcare (Gao et al., 2021; Li
et al., 2022; Zvyagin et al., 2023), climate (Nguyen et al.,
2023), and finance (Eisfeldt et al., 2023; Kim et al., 2023;
2024; Li et al., 2023; Yang et al., 2023).
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Figure 1. Comparison of end-to-end training Model FLOPs Uti-
lization (MFU) and maximum context length per GPU supported.
We show 3 model sizes, i.e. 2.7B, 13B, and 70B.

However, LLM training is typically constrained to relatively
short context lengths, such as 8K or 32K tokens. Currently,
most LLMs utilize rotary position embedding (Su et al.,
2024) (RoPE) to encode input tokens. Despite its improved
efficiency and extrapolation capability compared to regu-
lar position embeddings (Vaswani, 2017), to accommodate
much longer prompts during inference, RoPE often requires
aggressive rescale and map. These adjustments struggle
to properly adapt models to a longer context before the
model’s performance deteriorates, leading to a collapse in
the quality of its outputs. This presents a critical challenge:
the necessity to train LLMs originally on the desired long
context lengths to ensure robust performance across varying
applications.

There are multiple difficulties in training long-context LLMs.

https://www.deepspeed.ai/tutorials/ulysses-offload/
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Model size
Hardware configuration

A100 40G A100 80G
1 2 4 8 4 8 16 32

2.7B 128K 512K 2M 4M 4M 8M+ 8M+ 8M+
8B - - - 1M 2M 4M 8M+ 8M+

13B - - - 256K 512K 3M 4M 8M+
30B - - - - - 1M 3M 4M
70B - - - - - - 1M 4M

Table 1. Maximum context length supported for LLM training with our FPDT design. + denotes we only test to this length. - denotes that
the model itself cannot fit into GPU memory.

For a given-sized LLM model, as we increase the sequence
length during training, the memory needed for storing ac-
tivations and intermediate buffers increases proportionally,
while the model parameters and optimizer states remain
at a certain point. As we identified in this paper, this in-
crease in activation memory can lead to severe GPU mem-
ory pressure. Previous memory-efficient techniques, such
as FlashAttention (Dao, 2023; Dao et al., 2022), have been
proposed to alleviate the memory burden of materializing
the giant QKT matrix, reducing memory complexity from
O(N2) to O(N), though, it still has a non-trivial constant
factor which can easily cause out-of-memory issues when
the sequence length grows to millions of tokens. Methods
like Megatron-SP (Korthikanti et al., 2023) and DeepSpeed
Ulysses (Jacobs et al., 2023) have been proposed to lever-
age distributed GPU clusters. Megatron-SP adopts tensor
parallelism to distribute the computation and memory of
long sequences. In contrast, DeepSpeed Ulysses leverages
the multi-head attention feature in current LLM models,
using efficient all-to-all communication to distribute context
head-wise, thereby easing memory pressure.

These sequence parallel strategies, despite being proven the
feasibility of training LLMs with long contexts, require a
substantial number of GPUs. For instance, training a 7B
parameter model with a context window of 256K tokens
using Megatron-SP results requires more than 32 A100 80G
GPUs. Similarly, training a small 1.2B parameter GPT
model with a 1M token context length using DeepSpeed
Ulysses requires 64 A100 GPUs. These costly hardware
pose severe usability challenges for companies and indi-
vidual researchers with limited resources. Although with
existing techniques such as activation checkpoint, the above
solutions can extend further to longer sequence length, we
identify that none of them can meet the expectation.

In this work, we aim to address these challenges by
proposing a new Fully Pipelined Distributed Transformer
(FPDT) for training long-context LLMs. Our method lever-
ages the multiple memory hierarchies in modern GPU
clusters, enhancing their hardware efficiency and cost-
effectiveness while reaching extremely high MFU.

Our contributions are as follows:

• We provide an end-to-end analysis of the memory foot-
print of LLM training, identifying memory spikes con-
cerning commonly used Transformer architectures, and
targeting on reducing redundant intermediate buffers
in forward and backward passes respectively.

• We design a fully pipelined distributed transformer
based on DeepSpeed Ulysses, tailored for LLMs with
sequence lengths of millions of tokens, leveraging
both GPU and host CPU memory as well as prefetch-
ing, to achieve a near-zero overhead training flow.

• We significantly reduce the GPU memory footprint of
activations during the training of LLM, while leverag-
ing a dedicated double buffer design to overlap almost
all prefetching with computation.

• As shown in Table 1, our proposed method supports
training 8B LLMs on over 2M sequence with only 4
GPUs, or 70B models on 4M sequence with 32 GPUs,
which can be up to 16x longer than existing solutions,
while reaching over 55% of MFU.

• Our solution works orthogonally and composably with
DeepSpeed ZeRO family (Rajbhandari et al., 2020)
and PyTorch FSDP (Zhao et al., 2023) of memory
optimizations, and can be applied to Transformer-based
models of any size, such as GPT, Llama, etc.

2 RELATED WORK

2.1 Memory-efficient Transformer

The substantial memory demands of Transformers have
spurred extensive research into memory-efficient attention
mechanisms to facilitate their application to longer se-
quences. FlashAttention (Dao et al., 2022) utilizes an online
softmax computation technique (Milakov & Gimelshein,
2018) and reduces memory requirements of self-attention
from O(n2) to O(n) (Rabe & Staats, 2021) while preserv-
ing the accuracy. Other notable strategies include low-
rank approximations (Katharopoulos et al., 2020; Wang
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et al., 2020), kernel-based methods (Kitaev et al., 2020;
Lu et al., 2021; Xiong et al., 2021), and sparse attention
mechanisms (Child et al., 2019), which approximate or se-
lectively compute attention to minimize memory consump-
tion. Furthermore, techniques that combine local and global
contexts (Ainslie et al., 2020; Beltagy et al., 2020; Liu et al.,
2021; Zaheer et al., 2020) enable superior performance on
tasks involving long sequences or large-scale inputs while
maintaining computational ef�ciency. Our work is inspired
by FlashAttention and builds upon it by introducing hier-
archical blockwise computation, leveraging the memory
hierarchy in modern systems, which signi�cantly enhances
scalability and reduces memory requirements.

2.2 Long context training

Recent advancements in Transformer architectures have
signi�cantly enhanced their capability to process long se-
quences, which is crucial for tasks that require extensive
contextual understanding. This section reviews pivotal con-
tributions in this domain, each addressing the inherent mem-
ory limitations of standard Transformer models, while also
pointing out some of their practical challenges.

Megatron-SP(Korthikanti et al., 2023) adopts a sequence
parallelism technique which is tightly integrated with its
tensor parallelism. In this approach, sequences are parti-
tioned along the sequence dimension, and all-gather and
reduce-scatter collectives are employed to aggregate the
QKV (query, key, value) projections for attention computa-
tion. The communication complexity analysis indicates that,
in contrast to our approach, the communication volume in
Megatron-SP's sequence parallelism increases linearly with
the sequence length regardless of the number of compute
devices.

The Blockwise Parallel Transformer (BPT) (Liu & Abbeel,
2024) employs a blockwise computation strategy for both
self-attention and feedforward layers, optimizing memory
usage and allowing the processing of sequences much longer
than traditional Transformers. However, despite its ef�-
ciency, BPT requires careful tuning of block sizes and mem-
ory management to avoid diminishing returns on perfor-
mance when scaling to extremely long sequences.

Ring Attention (Liu et al., 2023) enhances Transformer's
scalability by distributing long sequences across multiple
devices. This innovative approach overlaps the communica-
tion of key-value pairs with the computation of blockwise
attention, effectively increasing the feasible sequence length
proportionally to the number of available devices. However,
reliance on device count for scaling and multi-step commu-
nications introduces potential issues in environments with
sub-optimal hardware regards network interconnects, where
performance can be unpredictably affected by network la-
tency and bandwidth constraints.

DeepSpeed Ulysses (Jacobs et al., 2023) tackles the chal-
lenges of sequence parallelism by partitioning input data
along the sequence dimension and utilizing an ef�cient all-
to-all collective communication strategy for attention com-
putations. Although this method maintains a constant com-
munication volume regardless of the increase in sequence
lengths and device counts, achieving signi�cant speedups
and scalability, it may still encounter practical hurdles in
deployment related to large-scale clusters and the optimiza-
tion of communication patterns across diverse computing
environments.

Each of these methods uniquely contributes to the �eld of
long-sequence Transformer training, offering solutions fo-
cused on memory ef�ciency, communication overhead, and
computational speed. However, the common requirement
for substantial GPU resources in all these approaches un-
derscores a critical barrier to broader adoption in scienti�c
research and deployment. This challenge highlights the need
for future research to develop more resource-ef�cient meth-
ods that can deliver similar bene�ts with a modest hardware
budget.

Besides above mentioned large-scale training techniques,
several recent works focus on long-sequence LLM train-
ing on small-scale GPU clusters. MsT (Luo et al., 2024)
adopts a chunking mechanism on MLP and loss compu-
tation, which showed bene�ts in reducing GPU memory
consumption. However, as we will mention later, attention
computation can incur the most signi�cant memory spikes
during training, which remains unsolved in their method.
MEMO (Zhao et al., 2024), on the other hand, targets re-
ducing memory in the attention part by using host mem-
ory for of�oading. Their method requires integer program-
ming solvers, and since it is built up on the tensor parallel
scheme, failing to achieve optimal hardware ef�ciency in
long-sequence training scenarios.

3 PRELIMINARY

3.1 GPU memory requirements in distributed
Transformer

Table 2.Memory footprint at each step in a Transformer block
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As Transformer becomes the de facto most powerful and
ubiquitous architecture in today's generative models, its
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overall pipeline also becomes similar. Table 2 shows the
required GPU memory at each step in the forward and back-
ward of a Transformer block using DeepSpeed Ulysses.

Noticeable in this table, is that to get query, key, and value,
the memory footprint is directly increased by three times,
which solely can potentially lead to an out-of-memory issue
when the sequence itself is too long to �t in the GPU mem-
ory. Also, as most Alltoall implementations do not support
in-place operation, we need to create a receive buffer in
addition to the input buffer. And if asynchronous communi-
cation is enabled, we need to prepare the receive buffer for
query, key, and value at one time, leading to a6Nd memory
footprint, whered denotes the hidden dimension.

FlashAttention is introduced to reduce the memory con-
sumption toO(N ), however, in practice, it can also incur a
huge memory footprint. For example, in backward, Flash-
Attention requires the following inputs:q, k, v, of , og, dq,
dk, dv, whereof denotes the attention output of the forward
pass, andog denotes the gradient of output in the backward
pass. As these tensors need to be present in GPU memory at
one time, it directly leads to a8Nd memory footprint. We
identify that none of the existing solutions exclusively target
these memory burdens, which, however, becomes salient in
long-context LLM training.

3.2 Combining DeepSpeed sequence parallel and
ZeRO

Among sequence parallel strategies, DeepSpeed-Ulysses
excels with its highly ef�cient communication pattern and is
complementary to the most advanced model-based training
schemes such as DeepSpeed ZeRO. We �rst recap the key
feature of DeepSpeed Ulysses, and how it can work with
ZeRO-3.

Figure 2.DeepSpeed Ulysses with distributed attention.

Figure 2 (a) shows the communication pattern of Deep-
Speed Ulysses sequence parallelism. Each GPU initially
has a piece of the entire sequence with full heads, when
performing attention, sequence pieces are gathered to each
GPU, while heads are scattered to different GPUs. ZeRO3
partitions all parameters, gradients, and optimizer states

along a data-parallel GPU group. As sequences consist of
tokens, they can be easily treated as batches of data, where
we can directly apply the data parallelism. As shown in
Fig 3, in this combined training scheme, sequence parallel
is used to reduce activation memory, and ZeRO-3 reduces
the model-related memory.

Figure 3.DeepSpeed Ulysses works orthogonally with ZeRO-3.

4 DESIGN OF FULLY PIPELINED

DISTRIBUTED TRANSFORMER

In this section, we start by introducing how to design a
seamless and ef�cient pipelined distributed attention lever-
aging both host and GPU memory. Since different hardware
hierarchies are involved in the design, e.g. Tensor cores,
NVLINK, PCIe, etc, each with different data throughput
and latency, they are required to coordinate carefully.

4.1 Pipelining and scheduling

As QKV projection, Alltoall communication, attention, and
FFN will create multiple intermediate buffers, leading to
severe memory spikes, especially during the backward pass,
to make the sequence computation in the Transformer block
fully pipelined and memory ef�cient, our chunk and of�oad-
ing design will start with the initial input tensor (i.e. hidden
state). Firstly, we use the following notations throughout
the paper for ease of explanation. For operations other than
the distributed attention, each GPU holds and processes
a [b; slocal ; hglobal ; d] tensor, whereslocal denotes the lo-
cal sequence length,hglobal denotes the total number of
heads. For the distributed attention, each GPU will pro-
cess the entire sequence, but with speci�c heads, which is a
[b; sglobal ; hlocal ; d] tensor.

For the �rst QKV projection, since tokens are pro-
cessed elementwise, we directly slice the local sequence
tensor [b; slocal ; hglobal ; d] into u chunks, each as a
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[b; slocal
u ; hglobal ; d] tensor. We denote these chunks asTi ,

wherei 2 f 0; 1; : : : ; u � 1g. As shown in Figure 4,Ti

is projected to queryqi , key ki , and valuevi . Then, we
perform the Alltoall communication among the sequence
parallel group. Recall that in table 2, we mentioned that
since Alltoall communication cannot be performed in-place,
additional receive buffers need to be pre-allocated. In our
chunk design, as we largely reduced the sequence length by
a factor ofu, even though the receiving buffers forq̂i ; k̂i ; v̂i

are still required, they become trivial compared to the origi-
nal sequence tensor with the full context.

Figure 4.The design of distributed attention with of�oading

After using Alltoall to scatter heads and gather sequence,
each chunk̂qi ; k̂i ; v̂i is a [b; sglobal

u ; hlocal ; d] tensor. Note
that, for generative LLMs, due to the casual mask, after
the computation,̂qi will not be used in the forward pass
anymore, whilek̂i ; v̂i need to participate in the followinĝqj

computation, wherei < j . Therefore, we cachêki ; v̂i to the
host memory. Speci�cally, for̂q0; k̂0; v̂0, we can directly
get the �nal output of chunkT0, asq̂0 will not attend to
the remaining sequence. For chunkTi ; i � 0, processing
each chunk only gives intermediate results, which will be
rescaled in the next chunk computation. As online attention
is widely used, we adopt a similar strategy when scheduling
the attention computation.

Figure 5.The design of distributed attention with fetching and of-
�oading. We follow the online attention policy to update attention
output.

Figure 5 gives an example of how to perform the compu-
tation of chunkTm . After the Alltoall operation,GPUj

receivesq̂m , k̂m , andv̂m . We then fetch the previous se-
quence chunk by chunk from the host memory toGPUj ,
and perform online attention with the currentq̂m , and up-
date the output chunk accordingly. Note that, in a strict
manner, at any given time, only one set of chunksk̂i ; v̂i is
placed on GPU's HBM, reducing the memory footprint to
1
u compared to the non-of�oading version.

Unlike inference, where activations and intermediate results
can be freed as soon as the forward pass of the current
Transformer block �nishes, training requires saving neces-
sary intermediate outputs as it is reused in the backward
pass. Therefore, we of�oad̂qi ; k̂i ; v̂i to the host memory
once they are done for forward computation.

Figure 6.Rank ordinal scattering of sequence chunks. The diago-
nal casual mask remains valid after each chunk Alltoall operation.
NVLINK is also load-balanced in this data layout.

Before diving into more advanced designs, we need to shuf-
�e the sequence accordingly due to the chunked Alltoall se-
quence gathering. In the original sequence parallel scheme,
the input sequence is sliced and dispatched to each GPU
based on their rank. As shown in Figure 6, if we directly
perform the Alltoall operation on thei th chunk on each
GPU, then the sequence we gather does not conform to the
casual mask.

For example, when gathering the second chunk, each GPU
will get a sequence consisting of chunkT1; T5; T9; T13 with
rank-speci�c heads. However, since each GPU has already
receivedT0; T4; T8; T12 in the previous chunk computation,
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Figure 7.Double buffer leverages multiple CUDA streams in the backward pass of a Transformer block. We overlap most of�oading
operations with the attention gradients computation. We only show attention-related operations for clarity.

the casual mask for̂q1; k̂0 needs to be dedicatedly designed,
as T5 can only attend to tokens inT0 and T4, etc. An-
other workaround would be to only leti th GPU scatter its
sequence to all GPUs, this does not require reordering the se-
quence, but will result in NVLINK load imbalance. During
training, since each GPU computes the loss of the sequence
it holds, we also reorder the labels accordingly, so that the
loss still matches. Note that we shuf�e the input token ids
and labels in the data loader; thus, there is no overhead in
this reordering of sequence.

We also emphasize that, unlike Ring Attention, in our design,
each GPU always processes the same piece of sequence at
any given time, with the only difference in rank-speci�c
heads. Therefore, GPUs are always load-balanced when
computing attention. This uniform work�ow also reduces
the synchronization and barrier required to coordinate the
sequence of the parallel group.

4.2 Double buffering

Though the idea of using host memory to hold unused se-
quences is intuitive, the unmatched hardware transfer band-
width poses a signi�cant challenge in fully exploiting com-
puting power. For a typical HPC node, GPUs are connected
through high-bandwidth NVLink, which can reach more
than 100 GB/s of peer-to-peer bandwidth. However, the
common PCIe Gen-4 link with 16 lanes only provides 32
GB/s of unidirectional bandwidth, which also requires the
host memory and GPU to be in the same NUMA domain.

Figure 8.Short sequence chunk leads to GPU starving.

Figure 8 shows a GPU starving case where the sequence
chunk is too short such that the latency in the attention com-
putation is less than the data fetch latency. In this situation,

the training will be bound by the PCIe bandwidth, leading
to low Model FLOPs Utilization (MFU).

Figure 9.Long sequence chunk leads to HBM wasting.

Figure 9 shows an opposite case where each sequence chunk
is too long. Because the tensor we passed to a kernel (i.e. at-
tention forward/backward kernels) needs to reside on HBM
as a whole, it will take too much GPU memory, which
becomes unnecessary, as tokens can be fetched from host
memory as soon as previous ones are computed.

Furthermore, the mismatch in GPU computing throughput
and PCIe link bandwidth also poses a severe dif�culty in
ef�ciently incorporating of�oading into the regular compu-
tation pipeline. Figure 10 shows the latency of different
operations performed on our GPU node (see 5.1 for details).
Note that here we compare the actual tensor operations in
a transformer block, i.e, Alltoall on[b; s

p ; h; d] tensor, at-

tention on[b; s; h
p ; d] tensor, and fetching on[3; b; s; h

p ; d]
tensor which represents the query, key, and value. As the
complexity of attention computation increases quadratically,
it easily dominates the overall latency if we let each se-
quence chunk be large enough (e.g. 512k), in which case
the latency of communication and fetching becomes neg-
ligible. In practice, however, a large chunk size also in-
creases the memory pressure, which is against our initial
goal. Finding the sweet point between fully utilizing com-
puting cores and hiding the latency of of�oading/fetching
is crucial for achieving the optimal training ef�ciency. As
shown in Figure 10, Alltoall is much faster since this is only
the intra-node communication using NVLink.

Thus, we care more about when the latency of attention com-
putation overpasses that of host-to-device fetching. Unlike
inter-GPU connections, data transfer among host memory
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and GPUs is not homogeneous. In our case, all GPUs will
share the PCIe bandwidth, especially when host-to-device
memory copy is issued simultaneously on each GPU.

Figure 10.Average Time Spent in Alltoall, Attention Forward,
Attention Backward, and two different host-to-device strategies.

Therefore, we investigated two different strategies for fetch-
ing data from host memory to the corresponding GPUs.
The most intuitive way is to let each GPU issue its own
HtoD transferring, which can make use of all DMA engines
available, however, this might lead to resource contention
as each GPU will try to consume some PCIe bandwidth
as well as PCIe lanes. The second strategy is to let one
GPU in each node fetch all related tensors, and then use
a scatter operation to send corresponding chunks to other
devices. In our pro�ling, we found that though the multi-
GPUHtoD strategy performs worse at smaller data sizes,
due to the overhead in lane contention, latencies of both
methods are overpassed by attention computation at around
32k to 64k, and thus, their difference becomes negligible as
the sequence length grows larger. Since fetching from one
GPU and scattering to other GPUs require additional syn-
chronization and barrier, we choose the �rst strategy where
we allow every GPU to fetch its data without any additional
synchronization.

Figure 7 illustrates our double buffer work�ow. Note that
here we show the backward pass of our FPDT block, as the
forward work�ow is simpler and can also be re�ected by
examining the backward pass. We assume that there are 4
chunks in total. Since the global sequence chunkq̂i , k̂i , v̂i

have been cached during the forward, we then directly fetch
them from the host memory without introducing additional
Alltoall. We use a nested loop to compute and update the
gradients of queryd̂qi , key d̂ki , and valued̂vi . The outer
loop is on key and value, while the inner one is on query.
This design ensures that the attention computation in the
inner loop only needs to cover the latency of fetching the
next query, otherwise, it will need to cover both key and
value prefetching. In the inner loop, sincêk0 andv̂0 are
used byq̂0, q̂1, q̂2, q̂3, we therefore updatêdk0, ^dv0 each
time. Ford̂q0, we get its �nal result after the �rst inner

loop, which is due to the autoregressive nature of LLM that
qi never attends tokj if i < j . Similarly, we get the �nal
results of ^dk0 and ^dv0 after the �rst outer loop. Then, we
initiate Alltoall to scatter the global sequence chunk to its
original GPU, wheredq0, dk0, dv0 are used to compute
the gradient of the input hidden statedc0. Note that here
we also overlap Alltoall and projection backward with the
prefetching ofq̂1, k̂1, andv̂1, which will be used in the
next outer loop. In our implementation, we deploy three
CUDA streams, as the prefetching of the input hidden state
h0 will only be synced in the projection backward. For
chunk buffers that will never be used after each inner loop,
we mark them as free memory, which can be allocated to
the following chunks.

5 EVALUATION

5.1 Experimental Setup

Models: We conduct our main experiments using the GPT
and Llama models, with model sizes ranging from 2.7B
to 70B. By default, we enable activation checkpoint with
CPU of�oading. To fully exploit the potential of FPDT, we
use DeepSpeed ZeRO-3 to partition the model parameters
across the sequence parallel group (refer to 3.2). We also
set the batch size to 1, as this allows us to test the maximum
sequence length we can reach.

Experimental Environment: We use multiple GPU nodes,
each with four A100 80 GB, connected via 3rd-Gen NVLink.
There are two CPU sockets. The PCIe between host and
device has a theoretical uni-directional bandwidth of 32
GB/s. Each node is equipped with 1 TB of host memory.
For the internode connection, we use NVIDIA 200 Gbps
HDR In�niBand.

5.2 Overall Performance

There are several widely used solutions for training long-
context language models. Megatron-SP (Korthikanti et al.,
2023) partitions sequence activations and leverages tensor
parallel. DeepSpeed Ulysses (Jacobs et al., 2023) adopts a
one-step Alltoall to gather tokens and scatter heads among
all GPUs. Ring Attention leverages the online attention
mechanism to distribute KV chunks and overlap the ring
communication with local attention computation. However,
the only end-to-end training framework with Ring Attention
is Megatron-LM, which does not support activation check-
pointing with CPU of�oading. As we will also show in
Table 3, this severely limits the maximum sequence length
it supports. Thus, in this section, we compare our proposed
design with the �rst two state-of-the-art solutions, both sup-
ported in DeepSpeed.

We choose six widely used LLM models with different sizes.
For GPT-like models, we have 2.7B, 6.7B, 13B, and 30B.
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(a) 2.7B GPT, Num. of GPUs = 2 (b) 6.7B GPT, Num. of GPUs = 4 (c) 8B Llama 3, Num. of GPUs = 4

(d) 13B GPT, Num. of GPUs = 8 (e) 30B GPT, Num. of GPUs = 16 (f) 70B Llama 3, Num. of GPUs = 32

Figure 11.Supported sequence lengths and corresponding Model FLOPs Utilization (MFU) using Megatron-SP, Ulysses, and our proposed
FPDT. OOM denotes the point where increasing sequence length will cause memory issues. We show FPDT's performance when the
sequence length is larger than 128K, as shorter sequences can be properly handled by existing strategies.

For Llama, we use the 8B and 70B models. For Megatron-
SP, we follow its default parallel setting, which leverages
tensor model parallel and sequence parallel. For our pro-
posed FPDT, ZeRO-3 model parameter sharding is lever-
aged, this ensures fair comparison between Megatron-SP,
DeepSpeed Ulysses, and FPDT. For all experiments, we
set the batch size to 1 and enable the activation checkpoint
with CPU of�oading. Our goal is to fully exploit the long
sequence handling capability of each parallel strategy.

Figure 11 shows the end-to-end training performance.
When running within one compute node, Megatron-SP and
Ulysses exhibit similar hardware ef�ciency. For example,
on the 2.7B GPT model, both methods have a maximum se-
quence length of 256K. For our proposed FPDT, with only
chunking, we increase the sequence length by 8x longer,
from 256K to 2M, without sacri�cing performance. For the
6.7B GPT model, Megatron-SP and Ulysses support 128K
and 256K sequence lengths. Our FPDT with chunking in-
creases the bound to 512K while facing out-of-memory
(OOM) issues when we keep increasing the sequence length.
We then leverage the host memory. By of�oading idle tokens
from HBM, we support the 2M sequence length, which is
8x longer than the existing solutions. By properly managing
the of�oading, fetching, and computation, our FPDT with
double buffer strategy reaches comparable hardware MFU
as the non-of�oading counterparts (i.e. FPDT w. chunking).
Similar results are also shown in the 8B Llama 3 model
training. As we increase the model's size, we scale it up to
multiple nodes. We found that Ulysses is generally more

ef�cient than Megatron-SP, as the latter's performance de-
grades severely when inter-node communication is included.
For the 13B, 30B, and 70B models, we use 2, 4, and 8 nodes,
respectively. While both Megatron-SP and Ulysses struggle
with the memory spikes of activations, our FPDT works
effectively by increasing the maximum sequence length to
2M while maintaining high MFU.

5.3 Tradeoff on Sequence Chunk Size

As discussed in 4.2, choosing a proper chunk size can not
only exploit the computing power of the hardware but also
allow the data moving from host to device and from device
to host to overlap by computation. In Figure 11, we use a
default chunk size of 64K for all our FPDT-based methods.
In this part, we will demonstrate why this is our preference.
Figure 12 shows the usage of GPU HBM at different chunk
lengths. We conduct the pro�ling on a single node with 4
GPUs, with a �xed global sequence length of 256K. We
change the length of each sequence chunk and compare the
corresponding memory footprint and MFU. The chunk size
of 256K means that we do not use chunk, but just run the
baseline Ulysses. 8K, 16K, 32K, 64K, and 128K of chunk
size corresponds to 32, 16, 8, 4, and 2 chunks in total in our
FPDT pipeline scheme. As shown in Figure 12a, 12b, 12d,
our FPDT can signi�cantly reduce the activation memory
footprint; for example, in the 2.7B model, we reduce the
activation memory from 27GB to 18GB by splitting the
sequence into two chunks. Despite that increasing the num-
ber of chunks can further reduce the memory footprint, we
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(a) 2.7B, p&o. take 13.3GB. (b) 6.7B, p&o. take 28.2GB. (c) 13B, p&o. take 51.4GB. (d) 30B, p&o. take 58GB.

Figure 12.MFU and HBM memory consumed during training. The global sequence length is set to 256K, and we change the chunk size.
We use 4 GPUs for 2.7B, 6.7B, and 13B models; 8 GPUs for 30B model. Gray areas represent the memory taken by model parameters
and optimizer states (p&o.). Pink areas represent the memory taken by activations.

found that 64K is a sweet point where the latency of of�oad-
ing and prefetching can be hidden by the computation. Less
chunks means a shorter pipeline, which makes latencies
of the �rst data preparation and the last computation more
salient, as they cannot overlap with other operations. More
chunks, however, make the latency of computation too short
to hide that of data loading. Therefore, we choose 64K as it
has an overall best-overlapped pipeline.

5.4 Chunk Granularity

As we analyzed in table 2, in forward and backward passes,
attention operation and FFN can incur different amounts of
intermediate buffers, therefore, different chunking strategies
need to be applied. The chunking and of�oading strategies
of the attention part have been introduced in 4.2. For FFN,
however, we cannot easily leverage of�oading to reduce
GPU memory consumption without signi�cantly sacri�cing
hardware ef�ciency. For token-wise operations such FFN,
the complexity of computation increases linearly, i.e.O(N ).
In this case,F(N) = �( G(N)), whereF andG are the com-
plexities of compute and memory, respectively. Considering
the high throughput of GPU compute cores, the latency of
of�oading and prefetching can never be overlapped by com-
putation, thus, for FFN, we don't use of�oading. Figure 13
are the memory pro�les created by the PyTorch pro�ler
(note that PyTorch randomly picks colors in each pro�le),
we found that for the GPT and Llama models, setting the
number of chunks in the FFN to be twice that of the attention
is suf�cient to ensure that the attention part strictly binds
the memory footprint.

Also noteworthy is that since we do not of�oad chunks in
FFN, as long as the size of each chunk is not too small,
the overall training throughput would not be signi�cantly
affected. We also want to emphasize that another memory
spike during training is found in the �nal calculation of
softmax and cross-entropy loss. As the vocabulary size
is much larger than the model's hidden dimension, and
the operation usually requires aFloat32 data type, the
last linear project would lead to the out-of-memory issue.

However, this part can be solved by chunking as well, and
since it is at the end of the forward pass, the number of
chunks used in this part is trivial to the overall performance.
Thus, we suggest that setting it tovocab size

hidden dim � 2, would
solve the memory spike.

(a) 2 chunks in attention, 4 chunks in FFN

(b) 4 chunks in attention, 8 chunks in FFN

(c) 8 chunks in attention, 16 chunks in FFN

Figure 13.Memory footprint in the backward pass of a Trans-
former block in Llama 8B. We �rst calculate the gradients in FFN,
then the attention. FFN uses 2x chunks of attention.

5.5 Training strategies in long-context LLM

Though we discussed our experiments setup in 5.2, we
would like to know how each strategy contributes to the
long-context LLM training. Tensor parallel is widely used
in distributed model training. It allows each GPU to only
keep a slice of the tensor along the hidden dimension, hence
also parallelizing the computation. However, it cannot re-
duce the memory footprint of intermediate buffers, since



Training Ultra Long Context Language Model with Fully Pipelined Distributed Transformer

8B Llama 3
8 GPUs

Training strategies Performance
TP. AC. OC. UL. ZeRO-1 ZeRO-2 ZeRO-3 FPDT Max len. HBM. MFU
X 32K 64.3G 9.4%
X X 128K 61.2G 19.4%
X X X 512K 78.7G 32.7%

X X 64K 58.9G 15.3%
X X 64K 54.5G 15.3%
X X 64K 52.3G 21.0%

X X X X 512K 65.5G 46.8%
X X X X 512K 65.5G 46.8%
X X X X 512K 60.1G 47.2%
X X X H 4M 68.0G 55.7%

Table 3.A comprehensive analysis on long-context LLM training with different training techniques.TP. denotes tensor parallel.AC.
denotes activation checkpoint.OC. denotes activation checkpoint with CPU of�oading.UL. stands for Ulysses.FPDT is our proposed
Fully Pipelined Distributed Transformer.

the GEMM between tensor [N; B; C ] and weight [̂C; C]
generates an intermediate buffer [N; B; Ĉ] regardless ofC.
Activation checkpoint (AC.) is also a commonly used strat-
egy in large model training, as it can signi�cantly reduce
the GPU memory pressure for models with many layers.
Activation checkpoint with of�oading (OC.) is a technique
introduced in DeepSpeed, which allows the checkpointed
activation to be moved to host memory. BothAC. and
OC. play critical roles in enlarging the sequence length,
i.e., from 32K to 128K to 512K. For Ulysses, it can seam-
lessly work with the ZeRO family, which reduces a decent
amount of memory footprint, i.e., from 58.9G to 52.3G.
However, ZeRO doesn't mitigate the memory requirement
for long-context LLM training as it reduces only memory
usage related to the model parameters. Finally, our proposed
FPDT, together with activation checkpointing, activation of-
�oading, and ZeRO-3, remarkably increases the maximum
sequence length by 8x, from 512K to 4M, on an 8B Llama 3
with 8 GPUs, while achieving extreme hardware ef�ciency.

5.6 Sparse attention

Sparse attention is crucial for improving the ef�ciency of
long-context large language models (LLMs) by reducing the
computational and memory costs of standard attention mech-
anisms, which scale quadratically with sequence length. By
focusing only on the most relevant tokens, sparse attention
signi�cantly speeds up inference while preserving model
accuracy. In Table 4, we use the block sparse attention to
test the training MFU with our FPDT design. Note that,
with sparse attention, only part of the tokens in key and
value will be fetched from the host memory, while the query
will always be the entire sequence. As we discussed in Fig-
ure 10, this may leads to an overall shift towards left, where
the latency of fetching cannot be perfectly overlapped by
computation, which explains the slightly lower MFU when
sparsity is high.

Models
Attention Sparsity

0.5 0.4 0.3 0.2 0.1 0.0
2.7B 41.7 38.6 38.8 39.0 38.9 38.4
8B 40.6 42.0 44.0 46.4 46.5 47.6
13B 40.7 42.8 44.2 45.4 46.4 46.1

Table 4.MFU(%) at different attention sparsity. A higher sparsity
means less KV tokens are fetched for computation. We use 1 GPU
for 2.7B model, and 4 GPUs for 8B and 13B models. Chunk size is
64K and global sequence length is 256K. 0.0 means full attention.

6 FUTURE WORK

This paper focuses on alleviating the memory constraints
that are brought by the activations and intermediate buffers
in long-sequence LLM training. We conduct experiments
with the ZeRO-3 technique. However, we noticed that Py-
Torch here can also incur a high memory spike when it
reduces the gradients across all GPUs. In certain cases, this
memory spike can be more signi�cant than the activation's
memory spikes, which becomes a bottleneck in keeping
increasing sequence length. We will investigate this and
welcome researchers in this �eld to advance long-sequence
LLM training together.

7 CONCLUSION

In this paper, we present the Fully Pipelined Distributed
Transformer (FPDT), for ef�ciently training long-sequence
LLMs within resource-constrained environment. Our pro-
posed method leverages advanced sequence parallelism and
ZeRO-3, largely reducing the GPU resource required for
million-level sequence training. With our elaborately de-
signed overlapping scheme, training 2.7B to 70B LLMs
on up to 4M token sequence with FPDT reaches over
55% MFU. Our method can also be applied to LLMs with
Transformer-like blocks with little re-con�guration. We be-
lieve our work can bene�t the large community in exploring
LLMs' capability in long context scenarios.
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