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Abstract
In recent years, Large Language Models (LLMs) have exhibited re-
markable capabilities, driving advancements in real-world applica-
tions. However, training LLMs on increasingly long input sequences
imposes significant challenges due to high GPU memory and com-
putational demands. Existing solutions face two key limitations: (1)
memory reduction techniques, such as activation recomputation
and CPU offloading, compromise training efficiency; (2) distributed
parallelism strategies require excessive GPU resources, limiting the
scalability of input sequence length.

To address these gaps, we propose Adaptive Sequence Pipeline
Parallel Offloading (SPPO), a novel framework that optimizes mem-
ory and computational resource efficiency for long-sequence LLM
training. SPPO introduces adaptive offloading, leveraging sequence-
aware offloading, and two-level activation management to reduce
GPU memory consumption without degrading the training effi-
ciency. Additionally, it develops an adaptive pipeline scheduling
approach with a heuristic solver and multiplexed sequence parti-
tioning to improve computational resource efficiency. We perform
comprehensive experiments to demonstrate the superiority of SPPO:
it achieves up to 3.38× throughput improvement over state-of-the-
art methods like Megatron-LM, DeepSpeed and TeraPipe, realizing
efficient training of a 7B LLM with sequence lengths of up to 4M
tokens on only 128 A100 GPUs.
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1 Introduction
Large Language Models (LLMs) have demonstrated exceptional
capabilities, revolutionizing a multitude of domains including code
generation [16, 40], image processing [30, 32], video stream analysis
[41, 51], and scientific research [2, 3]. Many of these applications
increasingly rely on long-range contextual understanding, such as
reasoning over large codebases, processing lengthy documents or
videos, and integrating heterogeneous scientific data. This trend
has driven the rapid expansion of LLM context lengths, from early

models supporting 4K tokens [43, 45] to more recent systems capa-
ble of handling 32K [19, 27], 128K [1, 13], and even millions of to-
kens [4, 9, 26, 36]. Training LLMs with such long sequences imposes
significant demands on GPU memory and computational resources,
as the activation computation and memory in training scales with
the sequence length. For instance, training a 7B-parameter GPT-
style model with a sequence length of 4 million tokens requires
approximately 16,384 GB of activation memory and at least 128
NVIDIA H100 GPUs running for about 105 hours to process just
1 billion tokens, illustrating the prohibitive cost of naïvely scaling
context length in current LLM training pipelines.

Therefore, many system optimizations have been proposed to
improve the memory or computational resource efficiency of long-
sequence LLM training. However, they are not sufficient to achieve
satisfactory performance due to the following two significant gaps.
• G1: Memory reduction techniques compromise the train-
ing efficiency. Two prominent memory reduction techniques have
been widely adopted to alleviate memory overhead in LLM training:
activation recomputation [6] and CPU offloading [33]. Activation
recomputation reduces the memory footprint by recomputing the
activations of certain layers during backward propagation instead
of storing them. Despite the significant memory savings, the re-
computing step can account for up to one-third of the gradient
computation time. This overhead is particularly pronounced in
long-sequence training, substantially prolonging the overall train-
ing time. CPU offloading relieves GPU memory pressure by trans-
ferring activations between GPU and CPUmemory. Prior offloading
techniques [11, 49] operate the entire sequence of activations and
assume that the overhead of CPU offloading can be effectively hid-
den by overlapping it with GPU computation. However, as the se-
quence length increases, the overhead of CPU offloading grows lin-
early, causing substantial delays in GPU computation and markedly
degrading training efficiency. Also, existing CPU offloading tech-
niques keep the activations of at least one layer in GPU memory,
which limits their scalability for longer sequences (discussed in
Section 2.1). Consequently, offloading the entire sequence of activa-
tions represents a coarse-grained approach, rendering current CPU
offloading methods inappropriate for long-sequence training.
• G2: Distributed parallelism techniques consume excessive
GPU memory and resources. Many distributed parallelism strate-
gies [15, 28, 44, 47] have been proposed to expedite long-sequence
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LLM training. However, their effectiveness relies heavily on the
availability of substantial GPU memory and resources. For instance,
training a GPT model with 65 billion parameters and a sequence
length of 4 million results in an activation memory footprint of
80TB, necessitating over 1,024 NVIDIA H100 GPUs to store
activations and model weights. Such enormous resource require-
ments significantly hinder the scalability of sequence lengths in
long-sequence training.

Both gaps arise from a common reason: granularity mismatch.
By treating a long context as an indivisible unit, offloading trans-
fers are too coarse to hide, and pipeline schedules are too rigid,
producing large bubbles and stalls. Therefore, a more promising
strategy is to perform CPU offloading and pipeline scheduling over
subsequences, instead of entire sequences. We expect such adapta-
tions could bring two potential advantages for long-sequence LLM
training: (1) Subsequence-level activation offloading benefits the
overlapping of GPU computation and CPU offloading. (2) Subse-
quence pipeline scheduling can reduce pipeline bubbles and im-
prove training efficiency. To our best knowledge, there are no works
considering subsequence-level CPU offloading, and only one work
(TeraPipe [25]) demonstrates that subsequence-level pipelining
can reduce bubbles. However, TeraPipe does not resolve activa-
tion memory and transfer-time issues. Simply applying activation
offloading and pipeline scheduling over subsequences faces two
practical changes.
• Inefficient fixed offloading policies. Existing solutions typi-
cally rely on fixed subsequence partitioning or static offloading
policies. Under a length-based policy, subsequences are partitioned
into equal token lengths, which fails to account for the compu-
tational imbalance arising from attention operations, where later
tokens incur higher computational cost. Alternatively, a FLOPs-
based policy equalizes computation across subsequences, but at
the cost of imbalanced activation memory consumption across sub-
sequences, making CPU offloading overhead outweigh GPU com-
putation. Furthermore, the fixed subsequence offloading strategy
introduces additional tensor dependencies among subsequences,
further amplifying redundant data transfers and offloading over-
head.
• Inefficient fixed pipeline schedules. Existing schedule poli-
cies [12, 17, 28, 35] enforce a predetermined schedule for each sub-
sequence, disregarding variations in memory and computational
demands. More subsequences could increase kernel overhead and
decrease throughput, while fewer subsequences could introduce
high pipeline bubbles. Even with an optimized subsequence count
𝑁 , pipeline bubbles remain inevitable. For example, with 𝑝 = 4 and
𝑁 = 16, the bubble ratio reaches 3/16, highlighting inefficiencies
in fixed schedules, where the total computation time includes both
bubble overhead and execution time.

To address these challenges, we propose Adaptive Sequence
Pipeline Parallel Offloading (SPPO), a novel framework for long-
sequence LLM training. It can fully exploit the potential benefits of
sequence partitioning while overcoming the limitations of existing
offloading policies and pipeline schedules. SPPO innovatively cus-
tomizes offloading and pipeline scheduling to optimize their memory
and computational resource efficiency. First, SPPO designs an adap-
tive offloading approach to efficiently overlap the offloading of

the activation of a subsequence with its computation. It consists
of two key components. (1) A sequence-aware offloading policy
mitigates imbalanced memory allocation across subsequences. It
adaptively computes the offload ratio to maximize the overlap be-
tween the CPU offloading for the (𝑖 − 1)th subsequence and the
computation of the 𝑖th subsequence. (2) A two-level activation man-
agement strategy retains skeletal activations (i.e., those with high
access frequency) in GPU memory, thereby preserving CPU-GPU
bandwidth for activations with lower access frequency.

Second, we design an adaptive pipeline schedule to pipeline
the computation of one subsequence in a given layer with the com-
putation of the previous subsequence in the subsequent layer. To
strike an optimal balance between GPU utilization and pipeline effi-
ciency while explicitly considering the overlap between offloading
and computation, we develop a heuristic solver that differs from
TeraPipe in its design to determine the ideal number of subse-
quences. Combined with the offloading ratio in adaptive offloading,
this enables us to further improve memory and training efficiency
for long-sequence LLM training. Nevertheless, the heuristic solver
is not always capable of eliminating resource bubbles in certain
scenarios. To handle it, we introduce a multiplexing sequence parti-
tioning to deliver a fine-grained partition of adjacent subsequences,
further reducing the resource bubbles without sacrificing memory
efficiency.

Our contributions are summarized as follows:
★ We present an in-depth efficiency analysis about the potential

benefits and challenges of subsequence-level offloading and
pipelining.

★ We design the SPPO framework to optimize LLM training at
the subsequence level. By tailoring dedicated offloading tech-
niques and optimizing the pipeline schedule, SPPO significantly
improves both memory and computational efficiency for long-
sequence LLM training.

★ We introduce an adaptive offloading approach, which comprises
of sequence-aware offloading and two-level activation manage-
ment, to maximize the overlap between CPU offloading and GPU
computation.

★ We design an adaptive pipeline schedule that incorporates a
heuristic solver and multiplexed sequence partitioning, enhanc-
ing training efficiency without compromising the benefits from
adaptive offloading.

★ We evaluate SPPO through extensive experiments, showing up
to 3.38× throughput improvement over Megatron-LM and Deep-
Speed. Moreover, SPPO enables efficient training of a 7B LLM
with sequence lengths of 1M, 2M, and 4M on only 32, 64, and
128 NVIDIA Ampere GPUs.

2 Background
Despite the substantial memory optimizations in attention layers
achieved by FlashAttention [34, 46] and linear attention [8, 14],
the linear scaling of activation memory during long-sequence LLM
training still results in prohibitively high GPU memory usage. To
address such overhead while maintaining computational efficiency,
two primary techniques have emerged: memory reduction and dis-
tributed parallelism. However, they struggle to maintain a balance
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𝐵 batch size 𝑃𝑃 pipeline parallel size
𝐻 hidden dimension 𝑆𝑃 sequence parallel size
𝑆 sequence length 𝑁 #subsequences
𝐿 # layers ℎ hidden state
𝐴 # attention heads 𝛼 offloading ratio
𝑉 vocab size 𝑠𝑖 subsequence 𝑖
𝑀𝑎 memory of activation 𝑀𝑚 memory of model

Table 1: Notations used in this paper.

between memory efficiency and computational resource efficiency
simultaneously. Table 1 illustrates the notations used in this paper.

2.1 Memory Reduction Techniques
Limited GPU memory is a critical bottleneck of training LLMs with
long-sequences. To address this, the LLM community has adopted
activation recomputation and offloading to reduce GPU memory
consumption caused by activations.
Activation recomputation [7, 20, 21], also referred to as acti-
vation checkpointing, reduces GPU memory usage by selectively
discarding the activations of certain layers instead of retaining
all intermediate activations. During backpropagation, the missing
activations are recomputed on the fly. While activation recomputa-
tion alleviates the GPU memory consumption, the recomputation
process brings additional computational overhead, degrading the
overall training efficiency. For example, when we employ activation
recomputation for all layers during long-sequence training, the cost
of recomputing activations in backpropagation adds an extra 1/3 to
the total computational time [6].
CPU Offloading [11, 39, 49] relieves the GPU memory burden by
transferring activations from GPU memory to CPU and loading
back to the GPU memory on demand. Unlike activation recompu-
tation, the offloading process does not involve GPU computation.
Existing offloading techniques [11, 38, 49] emphasize the ineligible
cost of transferring activations between the GPU and CPU, and
they attempt to maximize the overlap between the transfer process
and GPU computation. However, these methods typically focus on
offloading the activations of the entire input sequence for one or
more layers to the CPU. During long-sequence training, the GPU
memory consumption of activations grows linearly with the se-
quence length, quickly saturating the CPU-GPU bandwidth. As a
result, the offloading process fails to effectively overlap with GPU
computation, leading to training inefficiency. Worse still, these of-
floading techniques need to retain the activations of the entire input
sequence for at least one layer in GPU memory, which significantly
limits the scalability of the sequence length. For example, when
training a GPT-7B LLM with a GPU equipped with 80 GB mem-
ory, retaining activations for just one layer results in a maximum
sequence length of only 128K token.

2.2 Distributed Parallelism Techniques
Distributed parallelism is widely adopted to expedite LLM train-
ing. It includes several key techniques. (1) Data Parallelism (DP).
Batches are sharded across devices, while gradients are synchro-
nized via all-reduce [5, 24]. (2) Tensor Parallelism (TP). Within a
layer, weights/activations are partitioned across devices, reducing
per-GPU parameter/activation working sets at the cost of additional

Model L H A 𝑀𝑚 𝑀𝑎 #GPUs
GPT-7B 32 4096 32 120 16384 512+
GPT-13B 40 5120 40 234 52600 660+
GPT-65B 80 8192 64 1200 81920 1024+

Table 2: Lower bound of capacity at 𝑆=4M tokens: model (𝑀𝑚)
and activation (𝑀𝑎) footprints in GB and minimum number
of A100-80GB GPUs required for holding just activations.
This shows the scale of the activation memory wall rather
than endorsing any specific parallel configuration.

collectives [29]. (3) Sequence Parallelism (SP). The sequence dimen-
sion is partitioned across devices and synchronized via all-gather
and reduce-scatter to complete attention and per-token ops [15,
18, 21, 23, 26]. (4) Pipeline Parallelism (PP). Layers are partitioned
into stages connected by activation/gradient exchanges [17, 28].
Schedulers such as GPipe and 1F1B reduce bubbles by overlapping
multiple concurrent micro-batches.

These techniques can accelerate LLM training but require exces-
sive GPU resources. As shown in Table 2, training sequences with
lengths of 4 million tokens can require hundreds or even thousands
of GPUs. Such high GPU demand primarily arises from the massive
memory required for activations. For instance, training a GPT-65B
model with an input sequence length of one million tokens under
SP consumes 28.8 TB of activation memory, requiring at least 288
A100 GPUs to accommodate it1. This underscores the critical need
for an efficient approach to reduce memory consumption while
maintaining training efficiency.

3 Efficiency Analysis of Subsequence-Level
Offloading and Scheduling

The limitations of memory reduction and distribution parallelism
techniques share a common root cause: granularity mismatch. Treat-
ing the long context as a single, indivisible block (for both offload-
ing and scheduling) makes data transfers too coarse to overlap and
leaves schedules too rigid to prevent idle bubbles. This naturally mo-
tivates moving both memory movement and execution scheduling
to a finer subsequence granularity.

In this section, we first demonstrate that subsequence offload-
ing and pipeline scheduling can provide potential memory and
computational advantages over processing the entire sequence in
long-sequence LLM training. However, realizing these advantages
critically depends on the design of offloading and scheduling poli-
cies. We therefore investigate existing subsequence offloading and
pipeline scheduling strategies. Unfortunately, neither of them can
unlock the benefits offered by subsequence partitioning.

3.1 Potential Benefits
By partitioning a long sequence into multiple subsequences [18,
23, 25, 26], we can opportunistically employ CPU offloading and
pipeline scheduling over subsequences to unleash the potential mem-
ory and computation advantages.

1This example and results in Table 2 are computed using the activation memory
estimation model from [21]
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(a) 1F1B Scheduler with 4 micro-batches and each micro-batch with 1K sequence.
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Figure 1: Illustration of the pipeline parallelism scheduling with the increasing sequence length and our sequence pipeline
parallelism offloading.

• Benefit 1: Subsequence offloading. Subsequence partitioning
improves the overlap between GPU computation and CPU offload-
ing in two aspects. First, partitioning a long sequence into sub-
sequences reduces the granularity of both computation and data
transfer, so that offloading operates on smaller units that can be
more effectively pipelined with GPU execution. Second, activation
memory footprint and host to device traffic scale linearly with
sequence length. Under ultra-long contexts, data movement can
increasingly dominate step time if transfers are not sufficiently
overlapped with computation. Subsequence-level partitioning miti-
gates this effect by enabling finer-grained scheduling and higher
effective overlap. Finally, continued improvements in host–device
interfaces further increase the practical benefits of such fine-grained
overlap [31, 50].
• Benefit 2: Subsequence pipeline schedule. Incorporating sub-
sequence partitioning with pipeline parallelism can reduce pipeline
bubbles and improve training efficiency. We use a 1F1B pipeline
scheduler [28] to demonstrate this in Figure 1. The 1F1B sched-
uler decomposes input batches into multiple micro-batches and
alternates forward/backward passes as illustrated in Figure 1 (a).
However, under long-sequence inputs, the micro-batch count col-
lapses to one, thus 1F1B degenerating to the naive pipeline schedule
shown in Figure 1 (b), thereby incurring larger pipeline bubbles.
As illustrated in Figure 1 (c), subsequence partitioning enables
the pipelining of GPU computations for one subsequence with
another. This approach reduces pipeline bubbles and maximizes
resource utilization, offering a more efficient pipeline schedule for
long-sequence training.

3.2 Challenge 1: Inefficient Fixed Offloading
Subsequence-level CPU offloading can be achieved using some
common policies from prior works: (1) in a length-based policy

[18, 21, 23, 26, 48], a consistent length is fixed across partitioned sub-
sequences; (2) in an FLOPs-based policy [25, 42], the computational
FLOPs are kept consistent among the partitioned subsequences.

However, we emphasize that these fixed offloading strategies
do not take into account the efficiency of the trade-offs between
offloading and computation, as well as the access frequency pat-
terns of the activation tensor, resulting in suboptimal overlapping
between CPU offloading and GPU computation. We elaborate the
reasons below.
Imbalanced GPU computation across subsequences. For the
attention layer, the computational load for later token positions in
a sequence is heavier than that for earlier tokens [22]. However, di-
viding the input sequence into multiple equal-length subsequences
[21, 48] overlooks this computational load imbalance. A more ef-
ficient partitioning strategy would involve starting with longer
subsequences and gradually transitioning to shorter ones.
Imbalanced memory allocation across subsequences. The
FLOPs-based partitioning policy [25] ensures a consistent computa-
tional load across subsequences, as illustrated in Figure 2. However,
due to the inherent computation imbalance in the attention layer,
subsequence lengths vary under this policy. Since the transmission
overhead caused by offloading correlates linearly with the subse-
quence length, the FLOPs-based offloading policy cannot overlap
well between the CPU offloading and GPU computation, leading to
increased GPU idle time and reduced training efficiency. As shown
in Figure 3, while the computational cost remains balanced under
the FLOPs-based offloading policy, the size of the activations using
a fixed offloading strategy varies significantly. For 8-subsequence
and 16-subsequence strategies, the activation size ranges from 10.59
GB to 2.87 GB and from 6.04 GB to 1.3 GB, respectively. Correspond-
ingly, the transmission time ranges from 821 ms to 254 ms and from
435 ms to 90 ms, respectively. Notably, for early subsequences, the
transmission time exceeds the computation time, resulting in sub-
stantial offloading overhead. This highlights the need for a more
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Figure 3: Activation memory allocation across subsequences
when applying the FLOPs-based strategy of partitioning the
sequence to 8 and 16 subsequences, respectively. The model
is LLaMA-65B, and the sequence length is 128K.

fine-grained offloading policy that adapts the sequence length to
maximize the overlap between computational load and activation
offloading.
Unnecessary offloading overhead. Previous works have pro-
posed to make memory offloading decisions based on the comple-
tion time of the forward pass, either at the granularity of individual
layers [10, 48, 50] or batches [49]. These approaches work because
the computation graph is traversed either layer-by-layer or batch-
by-batch, and the intermediate activation tensors within a layer or
batch are independent of those in later layers or batches. However,
if we instead schedule computation at a finer granularity, such as
subsequence, the tensor dependencies between subsequences in-
crease, making offloading more complex, and the fixed offloading
strategy is inefficient.

3.3 Challenge 2: Inefficient Fixed Pipeline
Schedule

The fixed pipeline schedule policy, widely adopted in existing works
[12, 17, 28, 35], follows a predetermined schedule for each sub-
sequence without taking into account the varying memory and
computational demands across subsequences.
Trade-off on subsequence length. Splitting a sequence into
smaller subsequences introduces a trade-off between GPU utiliza-
tion and pipeline efficiency. As demonstrated in Figure 4 (a), consid-
ering a single layer with a hidden dimension of 4096 and a constant
sequence length of 128K, the overall forward propagation time can

(a) Gemm. & Attn. vs Chunk Size

100

150

200 Gemm (ms)
Flash Attention (ms)

(1K,128)

(512,256)

(256,512)

(128,1K)

(64,2K)

(32,4K)

(16,8K)

(8,16K)

(4,32K)

(2,64K)

(1,128K)

(b) Pipeline Bubble vs Chunk Size

0

1000

2000

3000
PP stage=4
PP stage=2

0

1000

2000

3000

Figure 4: Relationship between subsequence length and over-
all forward propagation and bubble time for one transformer
layer with a hidden dimension of 4096 and a fixed sequence
length of 128K. x-axis (𝑁, 𝑠) denotes a sequence is partitioned
into 𝑁 parts, and each part has 𝑠 tokens.

be mathematically represented as the product of the number of
subsequences and the time per subsequence. As the subsequence
length is reduced, the total runtime escalates due to an increase
in the number of subsequences and associated kernel launch over-
heads. Moreover, shorter subsequences lead to reduced throughput
as each pipeline stage processes only a finite amount of data, thus
underutilizing GPU resources.While longer subsequences are essen-
tial for higher throughput, there exists a threshold beyond which,
augmenting the subsequence length ceases to enhance overall per-
formance. This occurs as computation operators, such as attention
mechanisms and generalized matrix multiplications (GEMM), stay
in a compute-bound state, thereby stabilizing the total latency. On
the other hand, while longer subsequences improve throughput,
they introduce more pipeline bubbles, ultimately reducing overall
training efficiency, as shown in Figure 4 (b). Hence, the key is to
determine an optimal number of subsequences 𝑁 to maximize the
training efficiency.
Inevitable bubble overhead. Although it is possible to find an
optimal balance between GPU utilization and pipeline bubbles, effi-
ciency inevitably suffers from the presence of pipeline bubbles. To
quantify this effect in this degradation pipeline parallelism schedule,
we define 𝑝 as the number of pipeline stages and 𝐹 (𝑁 ) as the time
to execute the forward and backward passes for all 𝑁 subsequences
in a sequence. The time for a single subsequence is thus 𝐹 (𝑁 )/𝑁 .
The total pipeline bubble time 𝑡𝑏 and bubble ratio 𝑅𝑏 are computed
as:

𝑡𝑏 = (𝑝 − 1) · 𝐹 (𝑁 )
𝑁

, 𝑅𝑏 =
𝑝 − 1
𝑁

.

Thus, the total computation time is:

𝑇 = 𝑡𝑏 + 𝐹 (𝑁 ) = (𝑝 − 1 + 𝑁 )
𝑁

· 𝐹 (𝑁 ) .

To minimize the overall computation time 𝑇 , we can determine
an optimal value for 𝑁 . However, the pipeline bubble is inevitable
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Figure 5: System Overview. The top part illustrates a minimal case of SPPO, where all subsequence activations are fully offloaded
to host memory. The middle part demonstrates an adaptive offloading strategy that optimizes the minimal case, incorporating
sequence-aware offloading and a two-level activation management scheme. The bottom further enhances efficiency through
multiplexed sequence partitioning, achieving an almost bubble-free pipeline. The right plot visualizes the GPU activation
memory allocation over time steps.

by the fixed 𝑁 . For example, when 𝑝 = 4 and 𝑁 = 16, the bubble
ratio reaches a maximum of 3/16.

4 System Overview
To enhance the memory and computational performance for long-
sequence training, we propose Sequence Pipeline Parallel Offload
(SPPO), a novel LLM framework that introduces innovative sequence
partitioning, offloading, and pipeline scheduling customization. We
introduce two approaches to address the limitations of existing
offloading and pipeline solutions (Sections 3.2 and 3.3), respectively.
• Adaptive Offloading. The top part of Figure 5 shows the ineffi-
cient fixed offloading (Challenge 1), which has two pipeline stages
and four subsequences and employs a full offloading strategy. The
offloading time of 𝑠0 is too long, resulting in incomplete overlap
with the computation. This not only delays the unloading of 𝑠1 and
increases memory consumption, but also delays the backward pass
of 𝑠0, ultimately lengthening the end-to-end latency. To address
Challenge 1, we introduce an adaptive offloading approach that
effectively overlaps the offloading of activations with computation
(Section 5). It refines the offloading ratio by sequence-aware offload-
ing and optimizes the selection of offloaded activation by a two-level
activation management strategy, as depicted in the middle part of
Figure 5. Each subsequence tensor is divided into multiple tensor
units, categorized based on their runtime lifespan and designated

for either offloading or retention. At the intra-unit level, we im-
plement two-level activation management to handle activations
of varying lifespans. At the inter-unit level, we apply sequence-
aware offloading, selectively deciding whether to offload tensors to
CPU or retain them in GPU memory. Adaptive offloading optimizes
training efficiency and reduces peak memory consumption from 7
to 5 units.
• Adaptive Pipeline. Despite improvements, pipeline bubbles re-
main an issue, as shown in Challenge 2 in the middle part of Figure
5. To further enhance pipeline efficiency, we introduce an adap-
tive pipeline mechanism (Section 6). It applies a heuristic solver to
determine the ideal number of subsequences 𝑁 . To reduce pipeline
bubbles, this adaptive pipeline incorporates multiplexing sequence
partitioning, which refines subsequence partitioning to minimize
resource waste without increasing memory overhead, as shown
in the bottom of Figure 5. By leveraging traditional SP [18], we
further partition the subsequence around pipeline bubbles into
smaller sub-subsequences, distributing them across GPUs for par-
allel computation. For instance, 𝑠0 in stage 0 is split into two parts,
allowing forward and backward passes to execute in parallel at
the beginning and end of runtime, thereby reducing bubble time
in stage 1. Similarly, 𝑠3 in stage 1 is partitioned and computed in
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Figure 6: An example of computation of 𝑠𝑁 in a Transformer-
based model and the skeletal tensors with its sizes.

parallel, reducing bubble time in stage 0. SPPO automatically rec-
ognizes those subsequences near the bubble and re-segment them
without incurring additional memory overhead.
Workflow. Given a specific sequence length and available hard-
ware resources, SPPO operates the adaptive offloading and adaptive
pipeline as follows. (1) It applies the FLOPs-based partitioning pol-
icy for balanced computation across pipeline stages instead of the
length-based partition policy. Specifically, the adaptive pipeline
adopts the heuristic solver to determine the optimal values for
𝑁 and 𝑃𝑃 . (2) The adaptive offloading approach then leverages
sequence-aware offloading to compute the offloading ratio for each
subsequence and manages corresponding activations via two-level
activation management. (3) If the pipeline scheduling still exhibits
excessive bubble ratios, the adaptive pipeline applies multiplexing
sequence partitioning to utilize these bubbles effectively, thereby
enhancing training efficiency.

5 Adaptive Offloading
Traditional LLM training frameworks typically employ a uniform of-
floading strategy across layers or micro-batches. However, memory
usage can vary significantly across different subsequences, lead-
ing to imbalanced transmission time across GPUs and CPU and,
consequently, extra transmission overhead. Moreover, even within
a single subsequence, different tensors often have heterogeneous
lifespans and reuse patterns, making a one-size-fits-all offloading
policy suboptimal. To address these challenges, SPPO enables each
subsequence to independently determine its optimal offloading
strategy according to its following subsequence computation.

To search for the optimal offloading strategy across different
subsequences, we first analyze the inner structure of the trans-
former layer and decompose layer activations into finer-grained
activation units. Each activation unit represents a minimal group
of tensors to be offloaded or saved in GPUs. Based on this decom-
position, we construct a detailed cost model and design efficient
algorithms to determine the optimal offloading ratio across different
subsequences.

Below, we first introduce a two-level activation management
scheme for inner tensors within a subsequence, and then present a
sequence-aware offloading strategy.

5.1 Two-Level Activation Management
Figure 6 (a) gives an example of how to perform the computa-
tion of subsequence 𝑠𝑁 in a Transformer-based model, showing all
skeletal tensors generated within a layer’s forward pass of 𝑠𝑁 and
their sizes. Note that, for generative LLMs, due to the causal mask,
after attention computation, 𝑄𝑖 will not be used in the forward

pass anymore, while 𝐾𝑖 and 𝑉𝑖 need to participate in the following
𝑄𝑁 computation, where 𝑖 < 𝑁 . 𝐾0 and 𝑉0 are accessed continu-
ously. Therefore, we cache 𝐾𝑖 and 𝑉𝑖 to GPU memory instead of
offloading them to the CPU. Caching all (𝐾-𝑉 ) pairs only consumes∑𝑛
𝑖=0 2𝐵𝑠𝑖𝐻 = 2𝐵𝑆𝐻 bytes of GPU memory, while we will partially

offload the remaining 36𝐵𝑆𝐻 bytes of tensors to CPU. The offload-
ing ratio is determined by our sequence-aware offloading strategy
in Section 5.2. The most important characteristic of the remaining
activations is that they are needed by backward computation, so
they just need to reside in GPU memory at least before the back-
ward propagation of the subsequence begins. Figure 6 (b) shows
the architecture of our activation management.

5.2 Sequence-aware Offloading
This scheduling enables overlapping data transfer operations for the
(𝑖 − 1)𝑡ℎ subsequence with the computation of the 𝑖𝑡ℎ subsequence,
thereby reducing end-to-end training time. However, incomplete
offloading of the (𝑖 − 1)𝑡ℎ subsequence before the completion of
the 𝑖𝑡ℎ subsequence computation creates dual memory demands:
the GPU must simultaneously store activation 𝐴𝑖 and maintain an
offloading buffer for 𝐴𝑖−1. As demonstrated in Figure 5 (top), this
memory pressure peaks at 7 activation units when 𝑆0 offloading
persists through 𝑆2 computation.

To address the imbalanced memory utilization, we introduce an
adaptive offloading ratio 𝛼 ∈ [0, 1] that controls the proportion of
activations transferred to host memory. Given a FLOPs-optimized
subsequence partition 𝑠 = {𝑠0, 𝑠1, . . . , 𝑠𝑁 } with 𝑠0 ≥ 𝑠1 ≥ · · · ≥
𝑠𝑁 , we assign corresponding offloading ratios 𝛼 = {𝛼0, 𝛼1, ..., 𝛼𝑁 }
where 𝛼0 ≥ 𝛼1 ≥ ... ≥ 𝛼𝑁 . The memory dynamics during pipeline
stage 𝑖 follows:

𝑀𝑖 = 𝑀𝑖−1 +𝐴𝑖 − (𝛼𝑖−1 · 𝐴𝑖−1)

where 𝑀𝑖 is the current GPU memory consumption, 𝐴𝑖 is the ac-
tivation volume of subsequence 𝑖 , and 𝛼𝑖−1 · 𝐴𝑖−1 is the offloaded
portion of previous activation

We optimize 𝛼 to maintain 𝛼𝑖 · 𝐴𝑖 = 𝑀threshold, ensuring the
offloading time 𝑀threshold/BindWidthD2H approximately matches
the balanced computation time 𝑇balanced_comp under the assump-
tion that each GPU has exclusive access to CPUmemory bandwidth,
without explicitly modeling potential PCIe congestion when mul-
tiple GPUs share the same CPU socket. This assumption is also
made in prior work [49]. This constraint yields the relationship
𝛼𝑖−1 · 𝐴𝑖−1 = 𝛼𝑖 · 𝐴𝑖 . Peak memory𝑀max occurs when 𝛼𝑘 = 1 for
final subsequence 𝑘 , resulting in:

𝑀max = 𝑀𝑘−1 = (1 − 𝛼𝑘−1) · 𝐴𝑘−1 .

This formulation enables systematicmemory optimization through
our proposed scheduling algorithm.

6 Adaptive Pipeline
6.1 Heuristic Solver
Given the model, sequence length 𝑠 , and the number of nodes, the
objective is to search for a set of hybrid parallelism parameters
(𝑆𝑃, 𝑃𝑃, 𝑁 ) that minimize the time per iteration 𝑇 . We focus on
ultra-long sequence workloads where the memory footprint per
sequence dominates execution, and sub-sequence parallelism (SP) is
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the primary mechanism to enable scalability. To reduce the search
space for performance tuning, we leverage the following heuristics:
• Avoid cross-node SP: TP incurs significantly larger commu-
nication overhead compared to PP within each device, making
cross-node SP inefficient.

• Allow cross-node PP: Pipeline parallelism is explicitly allowed
to span node boundaries. PP communication only occurs at stage
boundaries and is significantly lighter than SP communication,
making PP the preferred form of parallelism for scaling across
nodes.

• Maintain near-balanced workloads: Empirical profiling (as
shown in Figure 4) suggests that the optimal workload size per
layer ranges from 2K to 16K.
Following these guidelines, we restrict 𝑁 within the range of 2K

to 16K per layer per device, facilitating efficient workload distribu-
tion and minimizing communication overhead. For long-sequence
workloads, tensor parallelism (TP) is not considered due to its ex-
cessive activation and communication cost, while data parallelism
(DP) is implicitly determined by the remaining world size after
selecting SP and PP, rather than being an independent optimiza-
tion variable. All sequences are assumed to be long and of uniform
length; dynamic or mixed-length batching is outside the scope of
this work.

6.2 Multiplexing Sequence Partition
To address significant pipeline bubbles caused by reduced values of
𝑁 , we propose a latency optimization strategy termed multiplexing
sequence partitioning. Building on SPPO’s adaptive offloading, our
method introduces finer-grained partitioning of bubble-adjacent
subsequences across distributed GPUs using the traditional Mega-
tron sequence parallelism (Section 2.2). This approach effectively
minimizes idle time in pipeline stages while avoiding additional
memory overhead.

Formally, for a 𝑃𝑃-stage pipeline processing𝑁 subsequences, the
forward pass of each stage consists of three computation phases: (1)
Left-SP: initial parallel computation phase leveraging distributed
subsequences. (2) Steady: central computation phase optimized
through adaptive offloading. (3) Right-SP: final parallel computa-
tion phase, continuing sequence parallelism.

Each phase is characterized by three properties: (1) execution
paradigm, (2) subsequence identifier mapping, and (3) communi-
cation scope. The backward pass follows a similar yet asymmetric
structure. While Left-SP and Right-SP extend SPPO with secondary
sequence partitioning, Steady maintains the core adaptive offload-
ing optimization.

For pipeline stage 𝑖 ∈ {0, 1, . . . , 𝑃𝑃 − 1}, its phase characteristics
are defined as follows:

Definition 6.1 (Subsequence Identification Mapping). Given parti-
tion size 𝑃𝑃 ∈ N, number of subsequences 𝑁 ∈ N, and stage index
𝑖 , the phase-specific subsequence IDs I(𝑖) are:

I(𝑖) =


{𝑥 ∈ N0 | 0 ≤ 𝑥 ≤ 𝑃𝑃 − 1 − 𝑖} (Left-SP)
{𝑥 ∈ N0 | 𝑃𝑃 − 1 − 𝑖 ≤ 𝑥 ≤ 𝑁 − 𝑖} (Steady)
{𝑥 ∈ N0 | 𝑁 − 𝑖 ≤ 𝑥 ≤ 𝑁 − 1} (Right-SP)

(1)

where N0 denotes non-negative integers.

Component Stage 0 Stage 1 Stage 2 Stage 3

Left Seq. IDs {0, 1, 2} {0, 1} {0} ∅
Steady Seq. IDs {3, 4, 5, 6, 7} {2, 3, 4, 5, 6} {1, 2, 3, 4, 5} {0, 1, 2, 3, 4}
Right Seq. IDs ∅ {7} {6, 7} {5, 6, 7}
Left SP Range {0, 1, 2, 3} {1, 2, 3} {2, 3} ∅
Right SP Range ∅ {0, 1} {0, 1, 2} {0, 1, 2, 3}

Table 3: Illustration of multiplexed sequence partitioning
for 𝑃𝑃 = 4 stages and 𝑁 = 8 subsequences. SP ranges denote
GPU allocations for parallel computation.

Definition 6.2 (Inter-Stage Communication Scope). The communi-
cation range C(𝑖) for stage 𝑖 is:

C(𝑖) =


{𝑥 ∈ N0 | 𝑖 ≤ 𝑥 ≤ 𝑃𝑃 − 1} (Left-SP)
{𝑥 ∈ N0 | 0 ≤ 𝑥 ≤ 𝑃𝑃 − 1} (Steady)
{𝑥 ∈ N0 | 0 ≤ 𝑥 ≤ 𝑖} (Right-SP)

(2)

Figure 5 illustrates this mechanism: Subsequence 𝑠0 in Stage 0
undergoes partitioning, enabling parallel execution of forward and
backward passes during the initial and final phases. Simultaneously,
𝑠3 in Stage 1 is partitioned similarly, facilitating distributed com-
putation and reducing bubble durations in adjacent stages. Our
approach dynamically identifies critical subsequences near pipeline
bubbles and performs memory-efficient repartitioning without re-
allocation.

Table 3 illustrates this partitioning scheme for 𝑃𝑃 = 4 pipeline
stages and 𝑁 = 8 subsequences. The Left-SP phase processes edge
subsequences near pipeline boundaries, while the Right-SP phase
manages terminal computations. The Steady phase handles cen-
tral subsequences using standard pipeline parallelism. Sequence
parallelism ranges exhibit complementary patterns across stages,
ensuring efficient resource utilization and minimizing cross-stage
dependencies.

7 Evaluation
Implementation.We implement SPPO upon Megatron-LM using
Python and CUDA. It consists of around 4000 lines of code (LOC):
2845 LOC for adaptive offloading and 1155 LOC for multiplexing
sequence partitioning. To achieve the highest bandwidth between
GPU and host, we bind the Non-Uniform Memory Access node for
each process and use page-locked memory for CPU buffers.
Additional baseline implementations.To enable a fair component-
wise comparison, we implement a simple offloading variant for
TeraPipe (which does not include offloading in its original design).
This represents the “full CPU offloading” baseline in our breakdown
experiments.
Testbed. SPPO undergoes a thorough evaluation in the training
of Transformer-based models with the GPT architecture. The size
of the models range from 7 billion to 65 billion, and parallelism
configurations (SP, PP, 𝑁 ) are summarized in Table 4. The training
process occurs on a physical cluster comprising 16 GPU servers.
Each server is equipped with 8 GPUs and 128 CPU cores, a total of
128 NVIDIA Ampere GPUs. Each GPU boasts 80GB of memory. The
GPUs are interconnected through NVLink and NVSwitch, while
inter-node communication is facilitated by four NVIDIA Mellanox
200 Gbps HDR InfiniBand. Each node has 2 TB of CPU memory,
and the GPU-CPU communication bandwidth is 32 GB/s.
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Figure 7: End-to-end evaluation results of training models of different sizes and sequence lengths.

Model #GPUs S Mega.
& SPPO SPPO Tune

Mega. DS

SP PP N SP PP SP

GPT-7B 32 512K 8 4 32 32 1 32
640K 64
768K 80
896K 128
1024K 160

GPT-13B 64 512K 8 8 32 8 8 -
640K 48
768K 64
1024K 80
1280K 160

GPT-65B 128 512K 16 8 32 64 2 -
600K 64
640K 80
768K 96
1024K 128

Table 4: Configurations for various GPT models.

Baselines and metrics.We compare against DeepSpeed-Ulysses
[18], Megatron-LM [21], and TeraPipe [25].Megatron-Tuned rep-
resents the best-effort Megatron configuration for long sequences
(pipeline depth, micro-batch size, and checkpointing ratios tuned
per workload). Training –throughput is measured in tokens per
GPU per second (TGS). All baselines use activation recomputa-
tion to support longer sequences.DeepSpeed-Ulysses is enhanced
with ZeRO [37] and FPDT [48] for activation offloading. TeraPipe
uses full offloading for comparison. Megatron-LM is tuned for
longer sequences according to Nvidia’s recommended configura-
tions. Further Megatron tuning can narrow gaps at moderate se-
quence lengths but does not remove the granularity mismatch at
extreme lengths, where tuned Megatron still hits memory limits
or pipeline inefficiency while SPPO remains feasible with higher
utilization.

7.1 End-to-End Evaluation
Figure 7 illustrates the training throughput across various LLMs
and sequence lengths. For fairness, we optimize the parallelism
strategy for each system, as reported in Table 4.
Throughput and scalability. SPPO consistently outperformsDeepSpeed-
Ulysses and Megatron-LM across various settings. Its speedups
range from 1.13× to 3.38×. A key advantage of SPPO is its ability to
handle ultra-long sequences without out-of-memory (OOM) issues.
In contrast, Megatron-LM struggles with sequences exceeding 896K

for GPT-7B; DeepSpeed-Ulysses fails to support sequence lengths
beyond 512K for GPT-13B and GPT-65B.
Memory efficiency. SPPO mitigates the memory pressure through
nearly zero-overhead offloading and pipeline parallelism. It avoids
costly activation recomputation, a limitation that significantly im-
pacts Megatron-LM under the same parallelism strategy. For GPT-
65B, SPPO supports sequence lengths of up to 1024K, whereas
DeepSpeed-Ulysses is limited to 512K and Megatron-LM to 768K.
This demonstrates SPPO’s superior memory management capabili-
ties.
Model-specific performance. For GPT-7B, under the same paral-
lelism strategy as the latest Megatron-LM, SPPO achieves a 1.13×
to 1.29× speedup. At sequence lengths beyond 896K, Megatron-LM
encounters OOM issues, while SPPO continues to deliver superior
throughput. For GPT-13B, SPPO supports sequence lengths of up
to 1280K, whereas Megatron-LM is limited to 768K. DeepSpeed-
Ulysses cannot train GPT-13B at all due to model architectural
constraints. For GPT-65B, SPPO achieves remarkable speedups of
3.38× and 3.12× over Megatron-LM at sequence lengths of 600K
and 640K, respectively. DeepSpeed-Ulysses, on the other hand, is
unable to scale effectively for GPT-65B beyond 512K.
Limitations.While SPPO demonstrates superior performance over-
all, it is important to acknowledge that the baseline systems (DeepSpeed-
Ulysses and Megatron-LM) have their own strengths in specific
scenarios. For instance, Megatron-LM performs well for relatively
shorter sequence lengths (e.g., a GPT-7B model with a sequence
length of 768K) despite employing activation recomputation. In
such cases, SPPO offers only marginal performance gains, as the
computational workload of the GPT-7B model is insufficient to fully
exploit the offloading overlap. This highlights that the benefits of
SPPO are most pronounced in large-scale, long-sequence training
scenarios where memory pressure and communication overhead
become dominant bottlenecks.

7.2 Speedup Breakdown
To gain deeper insights into the key optimizations underlying the
performance gains of SPPO, we conduct a detailed performance
breakdown analysis to quantify the contribution of each core tech-
nique. Figure 8 illustrates the normalized speedup of SPPO relative
to Megatron-LM. From this figure, we derive three key observations,
as discussed below.

First, full CPU offloading alone does not always improve perfor-
mance. While CPU offloading can optimize GPU memory efficiency,
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Figure 9: Scaling maximum sequence length with different
numbers of GPUs in training GPT-7B model.

activation fully offloading overhead is non-negligible in certain sce-
narios, as discussed in Section 5 and shown in Figure 8(a). SPPO only
attains a relative speedup of 0.91 compared to SPPO w/o offload in
a GPT-13B model with a sequence length of 512K. However, full
CPU offloading benefits the parallelism strategies that exhibit high
communication efficiency but poor memory efficiency, as demon-
strated in Figure 8(b). It achieves a relative speedup of 2.1 × in the
GPT-65B model with a sequence length of 640K.

Second, adaptive offloading consistently improves both train-
ing performance and memory efficiency across diverse settings.
Empirically, it delivers relative speedups of 1.23 × and 3.38 × for
GPT-13B and GPT-65B, respectively, demonstrating its effectiveness
in accommodating varying model scales and sequence lengths.

Third, multiplexing sequence partitioning significantly enhances
training efficiency. Its benefits are particularly pronounced when
the bubble ratio is high, which is determined by the number of
subsequences (𝑁 ) and pipeline stages (𝑃 ) used during training. MSP
achieves a relative speedup of 1.44 × for the GPT-13B model and a
remarkable speedup of 3.48 × for the GPT-65B model.

Overall, each optimization technique plays a pivotal role in SPPO,
collectively contributing to the significant speedup demonstrated
by our empirical results.

7.3 Sequence Length Scalability
To evaluate the sequence-length scalability of SPPO under fixed
GPU resources, we progressively increase the per-GPU sequence
length from 1K to 10K tokens until out-of-memory (OOM) errors
occur. For a fair comparison, we enable activation checkpointing
at each layer for both DeepSpeed and Megatron-LM. As shown
in Figure 9, SPPO consistently supports longer sequence lengths
and exhibits clear advantages in scalability compared to the two
baseline systems.

Specifically, DeepSpeed-Ulysses partitions computation along
with attention heads, making it less effective for models with a
limited number of heads. For instance, the restricted number of

heads in GPT-7B becomes a scalability bottleneck for DeepSpeed-
Ulysses. This explains why DeepSpeed-Ulysses gets a sharp decline
in the maximum supported sequence length, dropping from 1K at 32
GPUs to 0 at 64 GPUs. Megatron-Tuned exhibits partial scalability
(1×, 1.375×, 2.13× at 32/64/128 GPUs). The activation recomputation
hinders the linear scaling in sequence length.

In contrast, SPPO is not constrained by the number of attention
heads, achieving near-linear scalability. It can support sequence
lengths of 1.3×, 2×, and 4× the baseline at 32, 64, and 128 GPUs,
respectively. At 128 GPUs, SPPO outperforms Megatron-Tuned by
88% (4× vs. 2.13×). Moreover, SPPO achieves higher speedup at more
GPUs (4× at 128 GPUs vs. 2× at 64 GPUs), indicating its ability to
reduce communication overhead and enhance memory efficiency.

In sum, our empirical analysis of sequence length scalability high-
lights the critical role of parallelism strategies in long-sequence
training. By decoupling from head-based partitioning, SPPO can
flexibly adjust the configurations for parallelism strategies, enabling
the training of sequences exceeding multi-million tokens. In con-
trast, existing LLM training systems face significant challenges in
handling such extreme-scale scenarios.

8 Conclusion
In this work, we introduce Adaptive Sequence Pipeline Parallel
Offloading (SPPO), a novel framework that significantly improves
the efficiency of long-sequence LLM training by jointly address-
ing memory pressure and computational bottlenecks. By leverag-
ing adaptive subsequence-aware offloading and optimized pipeline
scheduling, SPPO effectively balances the GPU memory usage and
training speed, overcoming the inefficiencies of existing methods.
Our comprehensive experimental results demonstrate substantial
performance improvements of SPPO, achieving up to 3.38× higher
throughput compared to state-of-the-art frameworks while simul-
taneously reducing GPU resource requirements. These results high-
light SPPO as a practical and scalable solution for training LLMs
with extremely long input sequences, paving the way for broader
deployment in both academic research and industrial applications.
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