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ABSTRACT

Training large language models (LLMs) with limited computing
resources is challenging because of their immense memory space
requirements. In this paper, we specifically focus on the scenar-
ios where we have insufficient aggregate GPU memory to store
all model states but explore pipeline parallelism and offloading
across all system resources to train the model. In this context, SPipe
presents a hybrid GPU and CPU pipelining mechanism that consists
of two pipelines: a GPU pipeline to reduce the bubbles in conven-
tional pipeline parallelism and a GPU-CPU pipeline to alleviate
data transfer overhead and CPU bottlenecks in offloading data and
computation. We evaluate SPipe for training LLMs of various sizes
with diverse configurations in practice. The result indicates that
SPipe outperforms the state-of-the-art by 1.26x.

1 INTRODUCTION

Large language models (LLMs) [4, 16, 41, 48, 58] have scaled dra-
matically to trillion parameters and are very successful for various
downstream tasks. However, such an overwhelming number of
parameters requires large memory space during training. State-of-
the-art models, such as LLaMA [28, 50, 51] and OPT [56], require a
memory footprint on a terabyte-scale. They are typically trained
with a supercomputer-scale cluster in a data center [13, 42, 49].

The cost and resources for training an LLM are highly chal-
lenging for many academic institutions and startups because they
typically rely on small GPU clusters or small-scale cloud services.
For example, a 0.1 trillion parameter model requires 1.83 terabytes
to store its states during training [43], which far exceeds the ag-
gregate GPU memory of a small GPU cluster with a few nodes.
Thus, developing a technique that efficiently trains large models
with limited resources can significantly broaden the accessibility
of LLMs.

A practical approach to mitigating the memory requirement
is scale-out techniques, such as model parallelism [13, 42, 49],
to distribute model training across multiple GPUs. Among oth-
ers, pipeline parallelism [8, 13] partitions the model into different
stages and assigns the stages to GPUs. A mini-batch is divided
into smaller micro-batches and executed across the pipeline stages.
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It requires only peer-to-peer communication to transfer activa-
tions between GPUs, thereby minimizing communication overhead.
However, it also introduces inefficiencies due to GPU idle times,
referred to as pipeline bubbles. It may lead to significant system
under-utilization and necessitate sophisticated pipeline scheduling
to reduce them [21, 24, 31-33].

Another widely-used approach to alleviating the memory re-
quirement is offloading [2, 11, 12, 15, 20, 23, 35, 46, 47]. The memory
capacity is extended to non-GPU memory (e.g., the CPU main mem-
ory) to allow larger model training. Only the minimum amount of
data required for the current operation is fetched and placed in the
GPU memory (e.g., layer parameters are fetched on demand just
before the computation for the layer). After performing the opera-
tion, the fetched data are freed, and newly generated data by the
operation are offloaded to the non-GPU memory (e.g., gradients of
the layer are stored in the CPU memory after the layer’s backward
pass). Recent approaches even offload some computational tasks
(e.g., optimizer steps) to the CPU to further exploit heterogeneous
resources [9, 27, 46]. However, these approaches introduce data
transfer overhead between the GPU and CPU. In addition, the low
computational capacity of the CPU may become a performance
bottleneck.

To this end, this paper proposes SPipe, a hybrid GPU-CPU pipeline
for training LLMs under memory pressure. We specifically focus on
the scenarios where we have insufficient aggregate GPU memory
to store all model states but explore the use of model parallelism
and offloading together across all system resources to train the
model by any means. In this context, SPipe offers an efficient so-
lution through two pipelines: GPU pipeline and GPU-CPU pipeline.
The GPU pipeline reduces the bubbles introduced in conventional
pipeline parallelism. The GPU-CPU pipeline hides the data transfer
overhead between the CPU and GPUs and alleviates the perfor-
mance bottleneck caused by the slower CPU when offloading data
and computation.

SPipe’s GPU pipeline presents a decoupled pass assignment, which
assigns the forward and backward passes of the same stage to differ-
ent GPUs for better pipeline scheduling. Such mechanism is facili-
tated by storing the model parameters on the CPU’s shared memory
(shmem) and exploiting activation recomputation [6, 14, 18, 19].
Moreover, SPipe introduces fine-grained stage partitioning to fur-
ther eliminate the bubbles due to the gap in execution time between
the forward and backward passes and optimizes the communication
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schedule for activation checkpoints to hide the additional commu-
nication overhead between the GPUs.

SPipe’s GPU-CPU pipeline presents an asynchronous CPU op-
timizer, which executes the optimizer steps in parallel with the
GPU pipeline, thereby overlapping and hiding the CPU optimizer
overhead. This mechanism is enabled by bypassing optimizer syn-
chronization [10, 39, 40] and shifting the numerical validation as
a post-step process while guaranteeing correctness through a roll-
back mechanism.

Overall, this paper makes the following contributions:

e We propose SPipe, a hybrid GPU-CPU pipelining mecha-
nism that efficiently leverages offloading and achieves high
utilization of both GPUs and the CPU when training LLMs
with insufficient aggregate GPU memory.

e We compare SPipe against state-of-the-art offloading-based
LLM training mechanisms—Mobius [9], Megatron [33], and
DeepSpeed [30]—on multi-node clusters by training LLaMA-
2 models [51]. SPipe outperforms these methods by 1.26X,
1.31x, and 4.13X on average.

o We will make SPipe publicly available after publication to
foster research and expand the accessibility of LLMs.

2 BACKGROUND AND RELATED WORK

This section introduces pipeline parallelism and its techniques to
train large models under GPU memory pressure.

2.1 Pipeline Parallelism

Pipeline parallelism is a type of model parallelism [13, 42, 49] that
trains large models on multiple GPUs. It partitions a model into
sequential groups of layers called stages and assigns the stages
to GPUs. It divides a mini-batch into smaller micro-batches and
executes them in a pipelined manner across these stages.

Suppose a model is partitioned into I stages, and a mini-batch is
divided into J micro-batches. We denote the ith stage as S; and jth
micro-batch as m;. fiJ and b{ denote the ith stage’s forward/back-
ward pass on the jth micro-batch, respectively. For convenience,
we denote the set of forward passes fi] for all m; as f;. Similarly, b;

denotes the set of backward passes b{ for all m;.

Many prior studies have extensively optimized pipeline schedul-
ing [1, 8,9, 13, 21, 24, 31-33, 44, 57]. Figure 1(a) illustrates an AFAB
(all forward, all backward) schedule of GPipe [13] with four GPUs,
four stages, and four micro-batches. It first pipelines the forward
passes of all micro-batches, followed by the backward passes of all
micro-batches. DAPPLE [8] in Figure 1(b) presents a 1F1B (one for-
ward, one backward) schedule, where each GPU alternates between
forward and backward passes of different micro-batches.

A pipeline schedule often makes GPUs idle. We call the time
durations as bubbles. Minimizing the bubbles in the pipeline, or
the bubble ratio, is critical for pipelining efficiency. One can simply
inject more micro-batches into the pipeline to reduce the bubble
ratio. However, increasing the number of micro-batches (e.g., more
than x4 that of GPUs as suggested in [13]) may introduce ineffi-
ciency for two reasons. One is that models typically have a practical
upper limit on the mini-batch size, beyond which convergence is
negatively affected [3, 7, 53-55]. The other is that increasing the
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Figure 1: Different pipeline schedules with four GPUs.

micro-batch count reduces the micro-batch size for a given mini-
batch size, compromising GPU computational efficiency [21].

Coupled pass assignment. On the other hand, reducing bub-
bles itself is challenging. In both GPipe and DAPPLE, the same GPU
is responsible for both the forward and backward passes fiJ and

b{ of the same stage S; for micro-batch m;. This creates bubbles at
the beginning of the backward pass, as the backward pass proceeds
in the reverse order of stages of the forward pass. We define the
assignment of the same GPU to both fl.j and b{ as coupled pass
assignment. Almost all existing pipelines adhere to the coupled pass
assignment for three key reasons. First, both fl.j and b{ use S;’s
parameters ¥;. Second, blj reuses the activations a{ generated by

fiJ . Finally and more critically, ¥; and a{ are stored in the GPU
memory.

This paper reexamines the coupled pass assignment in offloading
scenarios when pipeline parallelism uses non-GPU memory to
alleviate GPU memory pressure. It focuses on opportunities to
reduce bubbles, improving the bubble ratio to increase performance.

2.2 Pipeline Parallelism with Offloading

As model sizes continue to grow, the increased memory space re-
quirement results in GPU memory pressure. As a remedy, pipeline
parallelism can leverage memory-efficient techniques, such as of-
floading and activation recomputation.

Offloading [2, 11, 12, 15, 20, 23, 35, 46, 47] is a technique to
use non-GPU memory (e.g., the CPU main memory) to store model
states (e.g., parameters, gradients, and optimizer states) and residual
states (e.g., activations) during training.

Activation recomputation [6, 14, 18, 19] reduces activation mem-
ory usage by recomputing the activations in the backward pass
instead of storing them in the forward pass and keeping them until
the backward pass. Only a subset of activations, or checkpoint, is
stored in the forward pass and used to recompute all activations be-
fore gradient computation in the backward pass. Large models such
as Turing-NLG 17.2B and GPT-3 175B were trained using it [43].

Mobius [9] is a state-of-the-art pipelining mechanism that uses
offloading. It introduces an interleaved AFAB schedule, in which
the stages of GPipe are further subdivided into smaller stages to
reduce the memory space requirements of each stage. Along with
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Figure 2: Mobius pipeline schedule with four GPUs. Two colors distinguish each forward/backward pass to indicate that it
belongs to a different stage assigned to the same GPU. For example, GPUj’s forward passes on stage Syo and S4 are colored blue
and sky blue. p; and g; denote CPU to GPU parameters transfer and GPU to CPU gradients transfer of stage S;, respectively. o;

denotes the optimizer step of stage S; executed on the CPU.

assigning multiple stages per GPU, all data are stored in the CPU
memory, with only the minimum amount of data required for the
current stage fetched and placed in the GPU memory. Their key
idea for minimizing the overhead of accessing non-GPU memory
is to prefetch the data required for the next stage in an overlapped
manner with the computation of the current stage. In addition, it
exploits activation recomputation when training large models to
reduce the data transfer overhead.

Consider Figure 2, which illustrates the pipeline schedule of
Mobius with 4 GPUs, 8 stages, and 4 micro-batches. Stage (So, S4),
(S1, S5), (S2, S6), and (S3, S7) are mapped to GPUy, GPU;, GPUs,
and GPUs, respectively. Mobius first pipelines the forward passes
of all micro-batches (fy—3) for the first stage in each GPU (Sy-3),
followed by that (f3—7) for the second stage in each GPU (S4—7).
Then, it pipelines the backward passes of all micro-batches (bs—7)
for the second stage in each GPU (S4-7), followed by that (by—3)
for the first stage in each GPU (So-3).

Mobius stores all stages in the CPU memory. Hence, it transfers a
copy of stage’s parameters from the CPU memory to GPU memory
before executing it, and frees this copy after finishing the stages’
execution on all micro-batches. We denote the CPU to GPU transfer
of stage S;’s parameters copy as p;. Similarly, it transfers a stage’s
gradients, accumulated across all micro-batches, from the GPU
memory to CPU memory after finishing the stage’s backward passes
on all micro-batches. We denote the GPU to CPU transfer of S;’s
gradients as g;. We assume training with activation recomputation,
so activations are not transferred between GPU and CPU in Figure 2.
Optimizer steps, with o; denoting that for the S;’s parameters in
the CPU memory, are processed by the CPU after the pipeline flush,
as explained in detail in Section 2.3.

Decoupled pass assignment. Mobius also adheres to the cou-
pled pass assignment (Section 2.1). In Mobius, both fl.J and b{ use
Si’s parameters ¥;. However, with activation recomputation, blj.
does not reuse the activations a{ generated by fiJ but instead re-
computes them during the backward pass. More critically, ¥; and
a{ (if it exists) are not stored in the GPU memory but in the CPU
memory. In a nutshell, pipeline parallelism with offloading indicates
that the forward and backward passes for the same stage no longer

need to be assigned to the same GPU but can be decoupled. Based
on this observation, we investigate a new mechanism to improve
the bubble ratio for pipeline parallelism with offloading.

2.3 Hybrid GPU-CPU Training

Pipeline parallelism with offloading stores optimizer states in non-
GPU memory, along with parameters and gradients. Mobius lever-
ages a CPU-based optimizer, similar to DeepSpeed CPU Adam [46],
to update parameters directly on the CPU. Such a mechanism to
exploit both GPUs and the CPU is called hybrid GPU-CPU train-
ing [26, 27]. Executing optimizer steps on the CPU is crucial when
training under GPU memory pressure, as optimizer states are often
significantly larger than other model states [22, 27, 43]. For instance,
in mixed-precision training [29] with Adam [17], the memory space
required for optimizer states is X8 that of the parameters [43].
Consider the green squares of Figure 2, which illustrates Mo-
bius’s optimizer steps on the CPU. It introduces inefficiencies be-
cause they begin synchronously across all GPUs and do not overlap
with the forward and backward pass execution on the GPU. Such
inefficiencies arise because conventional mixed-precision training
requires synchronization of overflow in the gradients before the
optimizer step. Figure 3 describes its detailed mechanism. The FP16
gradients transferred from the GPU to the CPU are first converted
into FP32 (Line 1), unscaled, and checked for overflow (Line 2). The
results of each stage’s gradients are synchronized across all stages
(Line 3). If overflow is detected at any stage, an invalid loss scale was
used during that training iteration. Thus, the optimizer skips the
parameter update. Otherwise, all gradients are used to update the
parameters, ensuring numerical stability (Lines 4-7). Thus, the ex-
plicit synchronization of overflow prevents Mobius from processing
the optimizer steps of different stages asynchronously.
Unfortunately, the optimizer steps can consume a substantial
amount of time on the CPU. Figure 4 compares the time taken by the
GPU’s computation and the CPU’s optimizer steps during Mobius’s
training, with a breakdown into functions in Figure 3. Although
these functions primarily rely on element-wise operations with
low computational intensity, they can add significant idle times to
GPUs when not overlapped with the GPU’s computation. As a result,
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GPUs and CPUs cannot achieve high utilization simultaneously,
limiting the benefits of hybrid GPU-CPU training.

Building on this insight, we further explore pipelining the op-
timizer steps on the CPU with the execution on the GPU, thereby
improving both their utilization and mitigating the overhead of the
CPU optimizer steps.

2.4 Related Work

Different pipeline schedules. A key objective of pipeline sched-
ules is to reduce the bubble ratio. PipeDream [31] skips periodic
pipeline flushes and injects more micro-batches into the pipeline
to achieve an almost zero bubble ratio. However, this requires up-
dating the parameters after each micro-batch’s backward pass and
storing additional versions to ensure parameter consistency be-
tween the forward and backward passes of the same micro-batch.
Bidirectional pipelines, such as Chimera [21] and MixPipe [57],
operate two pipelines in opposite directions to reduce bubbles,
but this requires duplicating parameters across each two GPUs.
Interleaved-stage approaches, like Megatron [33] and Hanayo [24],
partition a model to assign multiple stages per GPU, reducing the
bubble time while increasing the amount of communication. Recent
ZBPP [39, 40] splits the backward pass into two parts, activation
gradient and parameter gradient computation, to fill the bubbles at
the cost of higher activation memory usage.

Leveraging heterogeneous devices. Existing proposals support
offloading model states [38, 46] and residual states [2, 11, 20, 23,
45, 47] to non-GPU memory only for training with a single GPU.
Among these, ZeRO-Offload [46] offloads optimizer states to the
CPU memory and executes optimizer steps on the CPU. ZeRO-
Infinity [43] and Mobius [9] extend this to support fully sharded
data parallelism [42] and pipeline parallelism [13], respectively.
ZeRO-Offload++ [52] and Deep Optimizer States [27] perform opti-
mizer steps on both the GPU and CPU.

3 THE DESIGN OF SPIPE

This section describes the pipelining mechanism of SPipe. It consists
of two pipelines: a GPU pipeline and a GPU-CPU pipeline. The GPU
pipeline’s key idea is to assign the forward and backward passes
of the same stage to different GPUs (decoupled pass assignment)
for better pipeline scheduling. The GPU-CPU pipeline assigns the
optimizer steps to the CPU and executes them in parallel with the
GPU pipeline for better utilization of heterogeneous resources.
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Figure 5: SPipe GPU pipeline optimizations. For simplicity,
we omit the data transfer time between GPUs. Arrows depict
dependence between the passes.

3.1 GPU pipeline

In ordinary pipelining mechanisms, a micro-batch’s forward and
backward passes are assigned together to the same GPU. Figure 5(a)
gives the pipeline diagram of a typical training pipeline with two
model stages, Sp and S, where the forward passes (fp and fi) and
backward passes (bg and b1) of Sp and S1 are mapped to two different
GPUs, GPUy and GPUyj, respectively. Suppose that we have two
micro-batches in a mini-batch. At time t; for a micro-batch my,
GPUj waits for GPU; to finish b(l) because the gradients computed
by b(l) are necessary to proceed bg. Unfortunately, GPU; executes
fi for all micro-batches first, executes b?, and finally transfers the
gradients GPUj waits for at time 2. As a result, GPUp remains idle
from t; to to.

Decoupled pass assignment. SPipe’s GPU pipeline is based on
the observation that the pipeline bubbles can be reduced if a single
micro-batch’s forward and backward passes for the same stage are
assigned to different GPUs. Figure 5(b) is an example of a decoupled
pass assignment. While f; and fi are mapped to GPUj and GPUj,
respectively, by and by are mapped to GPU; and GPUy, respectively.
As GPUj is assigned b; instead of by, b(l) can start immediately at
GPUj at tz. We see less bubbles in Figure 5(b) than the ordinary
pipeline in Figure 5(a).

Fetching parameters from non-GPU memory. With the de-
coupled approach, each GPU has to store all parameters for the
stages assigned to it. For example, each GPUjy and GPUj has to
store the parameters ¥y and ¥; of all stages Sp and S; in its mem-
ory. However, when parameters are offloaded to non-GPU memory



(e.g., the CPU memory), which is a common setting when training
large models under GPU memory pressure, the same parameters
can be fetched to different GPUs without permanently storing them
redundantly on different GPUs’ memory. Moreover, SPipe mitigates
the overhead of fetching parameters from non-GPU memory by
prefetching in an overlapped manner with GPU computation. SPipe
makes a GPU only keep its memory spaces for the current com-
putation and the parameters being prefetched instead of storing
all parameters for the stages assigned to the GPU. For example,
consider Figure 5(b). At ty, GPUj starts to fetch ¥; required for by.
Similarly, GPUj starts to fetch ¥y at t1 required for by. GPUj also
frees ¥y as soon as fj finishes at f;.

Activation recomputation. A problem with the decoupled pass
assignment in Figure 5(b) is that for all micro-batches, all activa-
tions of fi generated at GPU; have to be transferred to GPUj to
perform by and vice versa for f. To solve this problem, we adopt ac-
tivation recomputation [6, 14, 18, 19]. Activation recomputation is
a common setting when training large models under GPU memory
pressure. For example, at time ¢, in Figure 5(b), activation recompu-
tation allows only the activation checkpoint of S to be transferred
from GPU; to GPUjp to perform b(1) instead of all activation ten-
sors of Sy including intermediate activation tensors generated from
performing flo.

Fine-grained backward stage partitioning. However, as shown
in Figure 5(b), when the execution times of the forward and back-
ward passes differ, it incurs pipeline bubbles. Based on this obser-
vation, we decompose backward stages into finer granularity to
minimize the bubbles by balancing the execution times. Specifically,
the backward pass b; for model stage S; can be decomposed into d
backward passes, as shown in Equation 1 so that each b; ;. computes
the backward pass of |S;|/d transformer blocks:

bi =bjpobj1o---0b;4_4. (1)

As b; i only requires a portion of S;’s parameters for its compu-
tation (i.e., 1/d of ¥;), we denote such portion as ¥; . Figure 5(c) is
the result of decomposing the backward stage in Figure 5(b) into
two fine-grained backward stages. Similar to Figure 5(b), fp and
f1 are mapped to GPUy and GPUj, respectively. However, by 1 and
bo,1 are mapped to GPUy, and b1y and bgy are mapped to GPU;.
At t3, GPUj can start b(l) o immediately, reducing bubbles. Note that
GPUj starts to fetch ‘I’1:1 and ¥y 1 at tp and t2, respectively. GPU;
starts to fetch ¥y and ¥ at ¢1 and t3, respectively.

Another effect of finer-grained backward stages is that it reduces
the GPU memory usage by 1/d at the cost of increasing the num-
ber of activation checkpoint transfers by up to xd. However, the
number of activation checkpoint transfers does not strictly scale by
factors of d. This is because, while the forward pass f; on S; gen-
erates activation checkpoints for S;, - - ,S; 41 required for the
backward passes b;, - - -, b; 4_1, those activation checkpoints for
the backward passes mapped to the same GPU as f; do not need to
be transferred. For example, Figure 5(c) requires the same number
of activation checkpoint transfers as in Figure 5(b) because while
b1,1 and by o require activation checkpoint transfers from another
GPU, b1,0 and bo,; do not. Compared to the reduced bubbles and
GPU memory savings, this results in marginal communication cost,
which will be further optimized next.
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Figure 6: Asynchronous communication of checkpoints gen-
erated by the forward pass of stage Sy for micro-batch mg
from Figure 5(c). Red and orange circles are the checkpoints
generated by the forward pass of stage Sy for micro-batch
my, required by the backward pass of fine-grained stages Sy
and Sy ; for mo, respectively. Only the red circle is sent asyn-
chronously from GPUj to GPUj at tj and used at t3.

Asynchronous checkpoint communication. We denote the

activation checkpoint required for the recomputation during blj k
j ints ¢l .. o ’
as ¢y Checkpoints c; , a1
backward stage requires a checkpoint, while not all of them should
be sent from other GPUs. For example, Figure 6 focuses on the
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which are used during the recomputation

GPUy, cg , needs to be saved only on the memory of GPUjp until it

is used at time 5. However, Cg,o should be sent from GPU, to GPU;
before it is used at time t3.

A naive way to transfer cg o from GPUp to GPU; would be to
send and receive at time f3 ir}lmediately before it is used for re-
computation. In such a case, checkpoint communication lies on
the critical path of the GPU pipeline along with the activation and
gradient communication, adding a significant communication over-
head. Instead, SPipe transfers Cg,o as soon as possible (at o) after Cg,o
is ready, overlapping its transfer with independent computations.
This mechanism is enabled through asynchronous communication,
which allows data transfer between GPUs to be initiated without
waiting for completion. Hence, GPU; can use C(()),o during bg,o with-
out waiting, as t3 — to provides sufficient time for the checkpoint
to arrive.

3.2 GPU-CPU pipeline

As explained in Section 2.3, in the hybrid GPU-CPU training [26,
27], CPU optimizer steps do not overlap with GPU computations,
limiting its benefits. Figure 7(a) illustrates such a case on top of
SPipe’s optimized pipeline with decoupled pass assignment and
fine-grained backward stage partitioning, using the same setting of
Section 3.1. At time ty, GPUj finishes by ; for all micro-batches and
offloads the accumulated gradients to the CPU memory. The same
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Figure 7: SPipe GPU-CPU pipeline optimization. o; ;. denotes
the optimizer step of stage S; ;.. For simplicity, we omit the
data transfer time between GPUs and GPU and CPU. Arrows
depict dependence between the passes.

process occurs for by 1 on GPUj at t3, and by and bgo on GPUj at
t; and t3, respectively. Then, all offloaded gradients are validated
for numerical stability, and the results are synchronized at t3. If no
overflows are found, the CPU proceeds by updating the parameters
of all stages. The GPUs remain idle until all optimizer steps are
complete at t4 to use the updated parameters for the next iteration.

Asynchronous CPU optimizer. SPipe’s optimizer shifts nu-
merical validations to a post-step process. Hence, a stage’s CPU
optimizer step can proceed as soon as its GPU backward passes
are complete and the gradients are offloaded. SPipe overlaps the
optimizer step of a stage on the CPU with the subsequent stage’s
backward passes on the GPU to reduce GPU idle times. At the
same time, correctness is ensured through a rollback mechanism
following the post-step synchronization.

Consider Figure 7(b) that illustrates the CPU optimizer steps of
SPipe. While GPUj offloads the gradients of by ; at p similar to
Figure 7(a), the CPU immediately executes stage S1,1’s optimizer
step 01,1 at ty as it bypasses synchronization. The similar process is
repeated for stage Si,0, So,1, and So,o at t1, t2, and t3, respectively,
as if the stages’ backward passes on the GPUs and the optimizer
step on the CPU were pipelined. At t4, when all parameter updates
are complete, the gradients are finally checked for overflows, and
the results are synchronized. If any overflow is detected, SPipe
performs a rollback of the updated parameters of all stages.

Bypassing and rollback mechanism. SPipe pipelines the CPU
optimizer steps altogether with the GPU’s computation by shifting
the numerical validations after the parameter updates. Each stage
performs its own local validation (i.e., checking gradient overflows)
without waiting for the synchronization of results across all stages.
Each stage executes its optimizer step based on its own validation

results. Synchronization finally occurs when all stages have com-
pleted their optimizer steps. If any stage fails its local validation,
parameter updates of all stages are rolled back. Optimizers, such as
Adam [17] and AdamW [25], facilitate rollback without additional
memory overhead because their parameter update steps are arith-
metically reversible. While these rollbacks introduce some overhead
compared to conventional pre-step validation, invalidations are rare
during training and, therefore, have minimal impact on the overall
training time [39, 40].

The CPU optimizer pipelining in Figure 7(b) shows an ideal
scenario where the optimizer of each stage starts after the preceding
stage has been completed. In practice, the optimizer for a subsequent
stage may start before the previous stage has finished. Thus, each
optimizer stage is processed in parallel on the CPU using multi-
threading. Furthermore, for efficient pipelining, maximizing the
overlap between the CPU optimizer step and the backward passes
is crucial. Thus, selecting an appropriate number of micro-batches
is also important to ensure that each stage’s backward passes can
sufficiently hide the CPU optimizer step latency.

3.3 SPipe Overall

Figure 8 illustrates the overall pipeline of SPipe with 4 GPUs, 4
micro-batches, 8 forward stages, and 16 backward stages. Com-
paring SPipe and Mobius in Figure 8 and Figure 2 with identical
training settings, their bubble ratios are 25% and 47%, respectively,
showing the benefit of SPipe. There are two major reasons for this:
(1) pipeline bubbles at the beginning of the backward passes are
eliminated, and (2) CPU optimizer steps are overlapped with GPU
computation. These improvements stem from two key insights of
SPipe on hybrid GPU-CPU pipelining: (1) the coupled pass assign-
ment is unnecessary when pipelining with offloading and activation
recomputation, and (2) CPU optimizer steps can operate in parallel
by bypassing numerical validation.

4 IMPLEMENTATION
SPipe is built on top of Megatron-LM [34] by modifying its pipeline
schedule, implementing offloading, and integrating CPU optimizer.

Pipeline schedule. SPipe implements its pipeline schedule us-
ing separate CUDA streams for CPU-to-GPU data transfer, GPU
computation, and GPU-to-CPU data transfer. Prefetching the next
stage, performing forward/backward computations of the current
stage, and offloading the gradients of the previous stage are thus
processed in parallel. They are synchronized using CUDA events.
Activation checkpoints are communicated asynchronously using
P2P operations in PyTorch Distributed. A checkpoint communica-
tion schedule is built during initialization to ensure that sender and
receiver GPUs call isend and irecv at matching timesteps, with the
receiver later synchronizing on the returned handle. This schedule
is cached and reused across all training iterations.

Offloading. We allocate POSIX shared memory [37] for each
node and adjust the tensor pointers to reference this shared mem-
ory. The offloaded parameters are physically shared and virtually
mapped to the GPU processes assigned. Specifically, a GPU process
responsible for the backward pass b; of stage S; allocates space for
its parameters ¥; in the shared memory while another GPU process



[] subbie | [ Forwardpass [] [ [ [l Beckwardpass [0 Premscier @ oty B ™Gy
Time >

- 152 | 72 |12 [b9:]b3[b3.[b3. [0 b2 b2 b2, |

Do D4 P71 Ps1971| 071 [P31|951| 051 |P1,1|931| 031 91,1 O11
GPU, F|fo | £\ | B9 0|b7,0|bF0|b30|bSo|bs | bEo|bEo

P1 Ps P7,0 Ps0l970] 970 [P30l950| Os50 |P1,0930| 0930 10| 010
GPU, [\ fo | fE | £E |b8|bs|bé1|bd1|b3a|bia b5 1|34
D2 Pe D61 Pa1l961| 0s1 |P2,1941| 041 [Poal921| 021 Joa| 0o,
GPU, [P f7 |7 |17 |beo|bso|béo|bdo|bso| bt o|bio|b3o
P3 p7 Pe,0 P1,096,0| 96,0 |P2,0/940 O40 [Po,0l92,0[ 020 9o,0| ©Oo,0

Figure 8: SPipe pipeline schedule with four GPUs. b{ i denotes the finer-grained (di + k)th backward stage’s backward pass on

the jth micro-batch. Note that a backward pass has ‘identical workload with a forward pass. Each forward/backward pass is
distinguished by 2 and 4 different colors, respectively, to indicate that it belongs to a different forward/backward stage assigned
to the same GPU. For example, GPUj’s forward passes on forward stage Sy and S4 are colored blue and sky blue, and backward
passes on backward stage S71, Ss,1, S3,1, and Sy1 are colored in light yellow, yellow, orange, and brown. p; (or p; ;) and g; ; denote
CPU to GPU parameters transfer and GPU to CPU gradients transfer of forward stage S; (or backward stage S; ;) and backward
stage S; ., respectively. o; ;. denotes the optimizer step of backward stage S; ;. executed on the CPU.

requiring ¥; for its forward pass f; sets its pointers to the corre-
sponding region in the shared memory. For multi-node training,
Remote Direct Memory Access (RDMA) is used to fetch parameters
stored in the shared memory of a remote node.

CPU optimizer. We assign a separate CPU optimizer for each
stage using C++ threading [5]. We pass a CUDA event that records
the corresponding gradient offloading operation from a PyTorch
main thread to the CPU optimizer thread, and the optimizer thread
waits for the event completion before beginning the asynchronous
optimizer steps at the CPU to ensure correctness. Each CPU op-
timizer thread uses a CPU-based Adam [17] implementation of
DeepSpeed [30], and we modify it to include the post-step valida-
tion and rollback mechanism.

5 EVALUATION

In this section, we evaluate SPipe against existing approaches to
train LLMs under memory pressure. We further examine the effec-
tiveness of our optimizations and analyze the overheads of SPipe,
providing insights into its trade-offs and performance benefits.

5.1 Evaluation Environment

System configurations. Table 1 describes two different sys-
tem hardware used in evaluation: Cluster V100 and Cluster RTX
3090. Both clusters have eight nodes. Cluster V100’s node has four
NVIDIA V100 32GB GPUs, an AMD EPYC 7452 CPU, 512GB DRAM,
and an InfiniBand HDR NIC. Cluster RTX 3090’s node has four
NVIDIA RTX 3090 24GB GPUs, an AMD EPYC 7502 CPU, 512GB
DRAM, and an InfiniBand HDR NIC. Experiments are conducted
on Cluster V100 unless stated otherwise.

Workloads. We use LLaMA2-based language models [51] of
eight sizes: 10B, 19B, 30B, 40B, 52B, 69B, 88B, and 110B. Table 2
summarizes their configurations. Models are trained using a vary-
ing number of nodes to reflect differences in their size: the (10B,

Table 1: Node configuration of two eight-node clusters.

[ Cluster | Cluster V100 ‘ Cluster RTX 3090 |
M/B ASRock ROMEDS-2T Supermicro H12DSG-O-CPU
CPU | 1x AMD 32-core EPYC 7452 | 1x AMD 32-core EPYC 7502

DRAM 8 x DDR4-2666 64GB 8 x DDR4-3200 64GB
GPU 4 x NVIDIA V100 32GB 4 x NVIDIA RTX 3090 24GB
PCle 16 x Gen3 lanes per GPU 16 x Gen4 lanes per GPU
NIC 1 x Mellnox ConnectX-6 Infiniband HDR
S/W PyTorch 2.4.1 + CUDA 12.4

Table 2: Configurations of the LLaMA-2 models used in the
evaluation. Model sizes are on a scale of billion (B) parame-
ters. Columns J, d, dgpN, # KV heads, and # Nodes represent
the number of transformer layers, hidden dimension size,
FFN layer’s hidden dimension size, number of KV heads, and
number of nodes used, respectively.

‘ Model Size ‘ 1 ‘ d ‘ drEN ‘ # KV heads ‘ # Nodes ‘
10B 48 | 4,096 | 10,880 2 1
19B 48 | 5,632 | 14,976 4 1
30B 96 | 5,120 | 13,632 4 2
40B 96 | 5,888 | 15,680 4 2
52B 96 | 6,656 | 17,728 8 4
69B 96 | 7,680 | 20,480 8 4
88B 192 | 6,144 | 16,384 16 8
110B 192 | 6,912 | 18,432 16 8

19B), (30B, 40B), (52B, 69B), and (88B, 110B) models are evaluated
using 1, 2, 4, and 8 nodes, respectively. The larger model in each
pair represents the maximum model size trainable under our setup,
which uses full model state offloading [43], mixed-precision train-
ing [29], and Adam optimizer [17]. We train on OpenWebText [36],
running five warmup iterations and averaging the subsequent five
iterations. All experiments are conducted with activation recom-
putation [6, 14, 18, 19] because preserving all activations results in
GPU out-of-memory (OOM) errors even for the smallest model.
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Figure 11: Resource usage during an iteration when the model
size is 19B and the sequence length is 1024.

Model training configurations. We vary model sizes, sequence
lengths, batch sizes, and the number of stages to capture diverse
configurations used in reality. In pipeline parallelism, the input mini-
batch is divided into micro-batches. Increasing the size of micro-
batches enhances GPU computational efficiency but is constrained
by memory capacity. To address this, we scale the mini-batch size by
increasing the number of micro-batches. Our experiments explore
various micro-batch sizes (uBS) and mini-batch sizes (MBS). Stage
configuration determines how the model is partitioned and mapped
to the GPUs; by default, each GPU is assigned two forward and six
backward stages for SPipe.

Comparison baselines. Our baselines for comparison are Deep-
Speed [30], Mobius [9], and Megatron [33]. DeepSpeed provides
ZeRO-3 parallelism with offloading support [43]. Mobius is a state-
of-the-art pipeline framework using an interleaved AFAB (all for-
ward, all backward) schedule optimized for offloading all training

states. Megatron is a widely used pipeline framework with an in-
terleaved 1F1B (one forward, one backward) schedule, but lacks
offloading support—resulting in GPU OOM even for our smallest
workload, the 10B model. Thus, we extend it to support offloading.
All the techniques—DeepSpeed, Mobius, Megatron, and SPipe—
offload parameters, gradients, and optimizer states to the CPU
memory, have access to all CPU cores for the optimizer steps, and
exploits activation recomputation to minimize GPU memory usage.
For Mobius and the offloading-extended Megatron, we use our own
implementations due to the lack of public availability, and verify
their completeness in the supplementary material. All experiments
are conducted without adding any other parallelism strategies such
as 3D parallelism [33, 59].

5.2 Comparison

Figure 9 and Figure 10 show the speedups of DeepSpeed, Megatron,
and SPipe over Mobius on Cluster V100 and Cluster RTX 3090. For
this experiment, we train all models in Table 2, each using # Nodes
nodes, the mini-batch size (MBS) of 16X # Nodes, a fixed micro-
batch size (uBS) of two, and two sequence lengths (SEQ) of 1024
and 2048. Megatron and Mobius use two stages per GPU, while
SPipe uses two forward and six backward stages per GPU.

Overall, SPipe achieves average speedups of 4.13, 1.31, and 1.26
on Cluster V100 and 4.26, 1.22 and 1.20 on Cluster RTX 3090 over
DeepSpeed, Megatron, and Mobius, respectively. Pipeline-based
methods show a large advantage over DeepSpeed, and among them,
SPipe consistently outperforms both Mobius and Megatron, with
performance gains varying significantly by model size, sequence
length, and batch size.

DeepSpeed shows inferior performance to pipeline-based meth-
ods because collective communication required by ZeRO parallelism
causes substantial congestion on PCle links—further exacerbated by
GPU-CPU data transfers caused by offloading. In contrast, pipeline
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Figure 13: Speedup contribution breakdowns for various
micro-batch size (¢BS) with the 30B model. +GPU and +CPU
denote the respective incremental contributions from the
GPU pipeline and CPU optimizer.

parallelism relies on peer-to-peer (P2P) communication, avoiding
such congestion. In addition, we also observe memory inefficiency
in DeepSpeed’s implementation, as evidenced by CPU OOM in
cases where other methods run successfully.

Among pipeline-based methods, SPipe outperforms Mobius and
Megatron for all cases. The AFAB schedule of Mobius and SPipe
outperforms the 1F1B schedule of Megatron by better hiding the
offloading overhead. While Megatron closely matches Mobius’s
performance at the larger sequence length of 2048, SPipe continues
to outperform both because of improved GPU and CPU efficiency.
For instance, as shown in Figure 11 for the 19B model (SEQ=1024),
the SPipe’s GPU pipeline completes earlier (SPipe: 7.97s; Mobius:
9.54s; Megatron: 11.07s), the SPipe’s CPU optimizer starts sooner
(3.47s; 9.48s; 10.96s), and the peak GPU memory usage is lower (52%;
61%; 58%) than others. As discussed next, the performance gains
from the GPU pipeline and GPU-CPU pipeline vary significantly
with model size, sequence length, and batch size.

Model sizes. Comparing two model sizes per node configuration
at the same sequence length, the overall improvements of SPipe
remain consistent regardless of the model size. This is because, as
the model grows, the time saved by reducing GPU pipeline bub-
bles and overlapping CPU optimizer steps increases proportionally
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with the total iteration time. This demonstrates that SPipe delivers
consistent performance improvements across varying model sizes.

Sequence lengths. In most cases, the speedup is larger for smaller
sequence lengths. This is because the computation required for the
forward/backward passes increases quadratically with sequence
length while the optimizer step remains unaffected. As a result,
the benefits of overlapping CPU optimizer steps diminish as se-
quence length increases. In contrast, the GPU pipeline speedup
remains constant because the size of pipeline bubbles also increases
quadratically with sequence length.

Number of nodes and batch sizes. Due to the nature of pipelin-
ing, the minimum required number of micro-batches increases with
the number of nodes. An increase in batch size leads to longer GPU
computation time and causes it to dominate the total iteration time.
Hence, the benefits of overlapping CPU optimizer steps are less
evident in the overall speedup. On the other hand, the speedup
gained from reducing the pipeline bubble time remains constant
because the pipeline depth also increases with the number of nodes
along with the batch size, maintaining a steady bubble ratio.

5.3 Effect of the Batch Size

SPipe’s GPU pipeline eliminates the bubbles in ordinary pipeline
schedules. However, the performance gain from bubble reduction is
sensitive to the batch size. We conduct experiments in two scenarios:
scaling the micro-batch size (uBS) and the mini-batch size (MBS).

Scaling micro-batch size. When the MBS is fixed, increasing
uBS causes the computation required per micro-batch to grow lin-
early with yBS. Consequently, the size of pipeline bubbles also
increases. As a result, Mobius experiences larger bubbles and a
higher bubble ratio, which leads to an increase in the GPU pipeline
speedup for SPipe, as it effectively minimizes these bubbles. To
analyze the individual effects of GPU pipeline bubble reduction and
CPU optimizer step overlapping, we break down the total speedup
into the GPU pipeline speedup and CPU optimizer speedup.

Figure 12 shows the results of yBS scaling. As the yBS varies
with 1, 2, 4, and 8, the total speedup of SPipe over Mobius also
increases. They are, on average, 1.14, 1.17, 1.21, and 1.26, respec-
tively. Similarly, when the pBS varies with 1, 2, 4, and 8, the GPU
pipeline speedup over Mobius becomes at 1.00, 1.03, 1.07, and 1.12,



respectively, validating larger gains from the efficient GPU pipeline
schedule of SPipe.

On the other hand, scaling the yBS has no impact on CPU opti-
mizer speedup because it does not affect the total GPU computation
time per iteration, and the overlapping time for optimizer steps
remains unchanged. As the uBS scales from 1, 2, 4, and 8, the CPU
optimizer speedup over Mobius remains constant with averages of
3.68, 3.66, 3.67, and 3.61, respectively.

As an example, Figure 13 illustrates how the GPU pipeline and
CPU optimizer speedups contribute to the total speedup over Mo-
bius for the 30B model. Their incremental gains are labeled +GPU
and +CPU, respectively. As the yBS increases, the GPU pipeline’s
contribution becomes more pronounced, while that of the CPU op-
timizer remains steady, thereby driving the overall speedup higher.
When pBS = 8, SPipe’s GPU pipeline and CPU optimizer each pro-
vide nearly identical performance gains.

Additionally, SPipe demonstrates its capability to train the mod-
els with a larger yBS than Mobius because only SPipe successfully
trained the 19B, 40B, and 69B models with an uBS of 8. It is the
result of less GPU memory consumption during the backward pass
caused by SPipe’s fine-grained backward-stage partitioning.

Scaling mini-batch size. When the pBS is fixed, increasing the
number of micro-batches translates to a larger MBS. This increases
the overall execution time of the pipeline on a GPU while the idle
time consumed by the bubbles remains constant. Hence, scaling
the MBS results in a lower bubble ratio of Mobius and eventually
reduces GPU pipeline speedup of SPipe. Figure 14 shows the results
of MBS scaling. As the MBS scales by factors of 1, 2, 3, and 4, the
total speedup over Mobius decreases. The average speedups are
1.36, 1.28, 1.23, and 1.18, respectively. Similarly, the GPU pipeline
speedup over Mobius also decreases. The average speedups are 1.16,
1.08, 1.04, and 1.02, respectively.

On the other hand, scaling MBS results in a better overlap of
the optimizer step because it may not overlap well with smaller
MBS values. As the MBS scales by factors of 1, 2, 3, and 4, the aver-
age speedup of the CPU optimizer step increases with the values
2.38,3.07, 3.22, and 3.68, respectively. However, while this increase
in MBS does not affect optimizer step duration in the CPU as it
still operates on the same-sized accumulated gradients, the entire
forward/backward pass duration grows proportionally with MBS.
Consequently, although scaling MBS enables better overlap of the
CPU optimizer step, the resulting total speedup over Mobius dimin-
ishes due to decreasing GPU pipeline speedup and the increasing
CPU optimizer speedup becoming progressively less reflected.

In addition, we observe a saturation point of CPU optimizer
speedup exists in each model size, which is when the time required
to process the optimizer step of a stage on the CPU equivalents with
the time required to process the backward pass of all micro-batches
of the stage. For example, in 30B model, such a point is when the
MBS is scaled to 32. When such a saturation point is reached, all
optimizer steps of the backward stages have already been fully
overlapped, leaving only the latest processed backward stage to be
run non-overlapped in SPipe.

Config. | SPipe features included

CFGO None
CFG1 CFGO with parameter prefetching
CFG2 | CFG1 with decoupled pass assignment
CFG3 CFG2 with fine-grained backward stage partitioning
CFG4 | CFG3 with optimized activation checkpoint communication
CFG5 CFG4 with asynchronous CPU optimizer
Ideal Theoretically optimal SPipe performance
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Figure 15: Impact of progressively adding system fea-
tures to SPipe for the 19B model.

5.4 Effect of Various Optimizations

SPipe proposes several optimization techniques. As shown in Fig-
ure 15, we decompose the proposed optimizations into distinct
steps and evaluate various SPipe configurations by incrementally
incorporating the proposed techniques. We partition the training
iteration time into two components: the GPU time and the non-
overlapping CPU time. The GPU time refers to the time spent on
forward and backward computations, and the non-overlapping
CPU time represents the remaining time spent on the CPU opti-
mizer, excluding GPU computation. Parameter prefetching (CFG1)
reduces GPU time from 7.75s to 6.28s by overlapping CPU-to-GPU
data transfers and GPU computation across stages. Interestingly,
decoupled pass assignment alone (CFG2) increases GPU time to
6.55s due to extra stage transition overhead (from the last forward
stage to the backward stage) and activation checkpoint communi-
cation, but combining it with fine-grained backward partitioning
(CFG3) and communication optimization (CFG4) successfully low-
ers the GPU time to 5.50s. The time of the non-overlapping CPU
optimizer step remains constant at around 9.77s while the asyn-
chronous CPU optimizer (CFG5) reduces it to 7.07s. Although it
slightly increases GPU time by 0.15s for additional GPU-CPU syn-
chronization (particularly for gradient offloading and optimization
status), the CPU time improvements (2.70s) far outweigh this. Our
final implementation (CFG5) approaches theoretical optimal (Ideal)
performance, with only 3.67% and 1.29% differences in the GPU and
non-overlapping CPU times, respectively, compared to the ideal
SPipe pipeline performance model.

5.5 Effect of Stage Configurations

To evaluate the impact of stage configuration, Figure 16 compares
three cases of different numbers of forward and backward stages.
More stages imply smaller stage sizes with fewer transformer blocks
per stage. For the smaller 19B model, Figure 16(a) shows that with
a small batch size, a larger number of smaller stages is benefi-
cial, while Figure 16(b) demonstrates the vice versa. This reflects a
trade-off: more stages reduce pipeline bubbles—due to smaller stage
size and earlier CPU optimizer start—but increase communication
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Figure 16: Iteration time with different stage configurations
and batch sizes for the 19B and 40B models. Stage configu-
rations are denoted as M-N, where M and N represent the
number of forward and backward stages, respectively.

overhead. With small models and few micro-batches, the extra com-
munication is marginal. However, as batch size further increases
beyond the CPU optimizer saturation point (Section 5.3), only the
communication overhead grows, making more stages unfavorable.

Similar trends are observed with the larger 40B model but with
amplified effects. The benefit of smaller stages increases with small
batch sizes, as computation (and bubble size) grows quadratically
with the model size while communication increases linearly. With
large batch sizes, communication overhead also grows due to the
model’s larger hidden dimension, further highlighting the trade-
offs.

5.6 Offloading and Recomputation Overhead

SPipe targets offloading-based pipelining, in contrast to conven-
tional GPU-only pipelines that store all model states in GPU mem-
ory. Also, SPipe currently requires activation recomputation be-
cause of the decoupled pass assignment, while Mobius and GPU-
only pipelines can selectively apply activation recomputation. While
this paper focuses on scenarios with insufficient aggregated GPU
memory to store all model states, including activations, we experi-
ment with the case for smaller models that can be trained without
offloading and activation recomputation.

Figure 17 compares SPipe against GPU-only Megatron without
recomputation, GPU-only Megatron with recomputation, and Mo-
bius without recomputation. These experiments were conducted
on a single node using smaller models: 1.4B, 3.1B, 5.2B, and 7.8B
(SEQ=1024, uBS=1, MBS=16). As expected, GPU-only Megatron
without recomputation performs the fastest, followed by GPU-only
Megatron with recomputation, Mobius without recomputation, and
SPipe, with SPipe showing average slowdowns of 2.10, 1.66, and
1.20, respectively. However, all the other three baselines encounter
GPU out-of-memory (OOM) errors beyond 5.2B parameters, making
them infeasible for larger models.

While SPipe shows relatively lower performance on small models
that do not require offloading or recomputation, these scenarios
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Figure 17: Iteration time for Figure 18: Rollback over-
smaller models. head.

fall outside the primary scope of this study. SPipe is designed to
address memory and scalability challenges in larger models, where
offloading and recomputation become indispensable.

5.7 Rollback Overhead

SPipe bypasses optimizer synchronization while ensuring numeri-
cal stability through post-validation. If validation fails, parameters
are reverted to their pre-update state using the rollback algorithm.
However, the rollback process does not overlap with GPU computa-
tion, leading to some overhead. The rollback overhead includes both
the time spent on the rollback and the time of the non-overlapping
optimization step that would have been skipped. Figure 18 shows
the rollback overhead for a 10B model across different batch sizes,
demonstrating that the overhead varies significantly from 8% to
53% depending on the batch size.

To assess the frequency of rollbacks during training, we set the
initial scale factor to 232 and trained a 10B model for 4,500 iterations,
resulting in 20 rollbacks. Notably, rollbacks occurred during the first
11 iterations, which could have been avoided with a lower initial
scale factor. Even in a conservative scenario where rollback occurs
once every 100 iterations for a batch size of 8, the resulting overhead
is only 0.53%, which is negligible compared to the speedup SPipe
achieves, making the rollback overhead an acceptable trade-off in
the context of SPipe’s overall performance benefits.

6 CONCLUSION

This paper presents SPipe, a hybrid GPU-CPU pipelining mecha-
nism that efficiently overcomes GPU memory limits in LLM training.
SPipe consists of two pipelines: a GPU pipeline and a GPU-CPU
pipeline. The GPU pipeline presents a novel pipeline scheduling
scheme that decouples a stage’s forward and backward passes for
the same micro-batch to different GPUs by leveraging the CPU’s
shared memory and activation recomputation. It further optimizes
its pipeline stages through fine-grained model partitioning that
balances the passes’ execution times and asynchronous checkpoint
communication that hides the additional communication overhead.
The GPU-CPU pipeline presents an asynchronous CPU optimizer
that executes the optimizer steps on the CPU in parallel with the
GPU pipeline stages. It efficiently utilizes the CPU to overlap the
CPU optimizer overhead while guaranteeing the training correct-
ness by a post-step validation and rollback mechanism. As a result,
SPipe advances the state of the art in offloading-based LLM training,
achieving an average 1.26x speedup with negligible overhead.
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A ARTIFACT APPENDIX

Our artifact contains the complete source code for SPipe, along
with scripts to reproduce the evaluation results presented in the
paper. Our implementation is based on Megatron-LM and includes
the comparison baselines — DeepSpeed, Mobius, and Megatron.
For Mobius and the offloading-extended Megatron, we provide our
own implementations due to the lack of public availability. This
appendix describes how to obtain the artifact, install, and run the
experiments using the provided scripts.

A.1 Evaluation Check List

The following is the check list for artifact evaluation:

e Algorithm: Parallelization method for LLM training that
reduces pipeline bubbles and alleviates CPU bottlenecks.

e Program: Baselines: DeepSpeed, Mobius, Megatron. Cus-
tom implementations provided for Mobius and offloading-
extended Megatron due to lack of public code.

e Model: Configuration files for LLaMA models ranging from
10B to 110B parameters are provided. The pretrained model
weights are not included or downloaded.

e Dataset: OpenWebText. Download and preprocessing in-
structions are provided as scripts.

¢ Run-time environment: Supports Linux and has been
tested on Ubuntu 20.04, Python 3.8, CUDA 12.4, UCX 1.14.1,
Open MPI 4.1.0, and PyTorch 2.4.1.

e Hardware: GPU clusters described in Section 5.1.

e Metrics: Iteration time is averaged over multiple runs, par-
titioned into GPU computation time and non-overlapping
CPU optimizer time.

e Output: Iteration-wise logs with iteration times saved in
CSV format for analysis.

o Experiments: Shell scripts are provided for experiment
preparation and result reproduction. Scripts are written for
Slurm clusters but it is not a strict requirement.

e How much time is needed to prepare workflow (ap-
proximately)?: About 1 hour for installation.

e How much time is needed to complete the experiments
(approximately)?: About 6 hours for all experiments.

e Publicly available?: https://github.com/mcrl/spipe.

e Code licenses (if publicly available)?: Apache-2.0 license.

e Archived (provide DOI)?: https://doi.org/10.5281/zenodo.
16812303.

A.2 Obtaining SPipe
SPipe can be obtained from GitHub:

1 $ wget https://github.com/mcrl/spipe/releases/download/spipe-aec/

spipe-aec.tar.gz

> $ mkdir spipe-aec && tar xvf spipe-aec.tar.gz -C spipe-aec

Figure 19 shows the directory structure of the artifact.

Hardware dependencies. SPipe targets GPU clusters, specifically
focusing on scenarios where the aggregate GPU memory is insuf-
ficient to store all model states. Our evaluation environment is
described in Section 5.1.

Software dependencies. SPipe requires a Linux environment.
Our evaluation environment includes PyTorch 2.4.1, CUDA 12.4,

spipe-aec/

L spipe/
| CSIC/ e SPipe C++ package
spipe_helper/ ........ SHMEM+RDMA backend
spipe_cpu_adam/ ................ CPU optimizer
common/ ..., Utility functions
external/ ........ ... External libraries
| _megatron/ ................... SPipe Python package
L SPipe/ Pipeline schedule
| external/ .......... ...l External libraries
, _examples/ .............. ... SPipe usage examples
| data/ ... Data vocab, merge file
| scripts/ ...l Scripts to reproduce
| _results/ ... Log files
L UCX/ et UCX 1.14.1 (ddd634)
| OMPL/ oot Open MPI 4.1.0 (424151)
L APEX/ i NVIDIA Apex (741bdf)

Figure 19: Directory structure of the artifact

NVIDIA Apex, and Open MPI 4.1.0. Scripts for installing all third-
party dependencies are provided with the artifact.

A.3 Installation

In spipe-aec/spipe/scripts directory, run initialization scripts
as follows:

1 source

source

$ setup_env.sh
$
3 $ source
%

setup_mpi.sh
setup_conda.sh
setup_data.sh

source

e setup_env.sh: Sets necessary environment variables. Rec-
ommended to also set the shell profile to prevent running
this script for every new shell session.

e setup_mpi.sh: Installs UCX and CUDA-aware MPI.

e setup_conda. sh: Creates a conda environment and installs
PyTorch along with other dependencies.

e setup_data.sh: Downloads and preprocesses the train dataset.

A.4 Experiment Workflow
In spipe-aec/spipe directory, run experiment scripts as follows:

1 $ scripts/eval_speedup.sh

2 $ scripts/eval_batch_scaling.sh

3 $ scripts/eval_optimizations.sh

e eval_speedup.sh: Compares speedup between DeepSpeed,
Mobius, Megatron, and SPipe.

e eval_batch_scaling.sh: Measures scaling of micro-batch
size and mini-batch size for SPipe.

e setup_optimizations.sh: Measures impact of adding sys-
tem optimizations to SPipe.

Inside the experiment scripts are slurm job launch commands that
each correspond to a single result in Section 5 and generate a log file
slurm-<jobId>-<jobName>.out in spipe-aec/spipe/results/.
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