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Abstract: Large-scale models have gained significant attention in a wide range of fields, such as computer vision
and natural language processing, due to their effectiveness across various applications. However, a notable hurdle
in training these large-scale models is the limited memory capacity of graphics processing units (GPUs). In this
paper, we present a comprehensive survey focused on training large-scale models with limited GPU memory. The
exploration commences by scrutinizing the factors that contribute to the consumption of GPU memory during the
training process, namely model parameters, model states, and model activations. Following this analysis, we present
an in-depth overview of the relevant research work that addresses these aspects individually. Finally, the paper
concludes by presenting an outlook on the future of memory optimization in training large-scale language models,
emphasizing the necessity for continued research and innovation in this area. This survey serves as a valuable resource
for researchers and practitioners keen on comprehending the challenges and advancements in training large-scale

language models with limited GPU memory.
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1 Introduction

With the advent of deep learning (LeCun et al.,
2015), neural networks have witnessed significant ad-
vancements across diverse domains, such as speech
recognition (Povey et al., 2011; Ze et al., 2013; Cho
et al., 2014), computer vision (Krizhevsky et al.,
2012; Jiet al., 2013; Ren SQ et al., 2015), and natural
language processing (Chowdhury, 2003; Sutskever
et al.,, 2014; Dong et al., 2019). The landscape
changed dramatically in 2017 with the introduction
of Transformer (Vaswani et al., 2017), which sur-
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passed conventional neural network models in lan-
guage translation tasks, capturing widespread atten-
tion from various fields (Kitaev et al., 2020; Liu Z
et al., 2021; Han K et al., 2023). Large-scale mod-
els, such as BERT (Devlin et al., 2019), ERNIE (Sun
Y et al., 2019), T5 (Raffel et al., 2020), and GPT-
3 (Brown et al., 2020; Zhou J et al., 2024), which
are generally built on the Transformer model, have
demonstrated state-of-the-art performance in a wide
range of applications, including reading comprehen-
sion, question answering (Rajpurkar et al., 2016),
and adversarial generations (Zellers et al., 2018).
Recent studies have consistently shown that larger
models with increased parameter sizes exhibit im-
proved capacity and representation capabilities (Qiu
et al., 2020). Consequently, there has been a rapid
escalation in the size of these models, necessitating
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the need for memory optimization techniques during
their training (Sun Y et al., 2021; Zeng et al., 2021).

The exponential growth of the number of model
parameters places high demands for graphics pro-
cessing unit (GPU) memory. Unfortunately, the
linear increase of GPU memory capacity occurring
recently cannot meet the requirements of the expo-
nential growth of the number of model parameters.
Therefore, the further advancement of large-scale
models is substantially hindered by the limited GPU
memory, i.e., the GPU memory wall problem (Gho-
lami et al., 2024; Rajbhandari et al., 2021), as shown
in Fig. 1, posing a significant impediment to progress
in this domain. The demand for GPU memory re-
mains a crucial factor when training large-scale mod-
els. For instance, training a model with more than
one trillion parameters necessitates the usage of more
than 180 A100 GPUs, each equipped with 80 GB of
memory. Therefore, training large-scale models with
limited GPU memory is a pressing research challenge
that demands further advancements.

Training large-scale models with limited GPU
memory has been an urgent issue to handle. Liang
et al. (2022) presented a survey that introduced auto
parallelism in detail. They gave a comprehensive un-
derstanding and analysis of parallel and distributed
training of deep neural networks (DNNs). Gusak
et al. (2022) introduced the techniques of large-
scale model training, including memory optimiza-
tion methods. They summarized the main strategies
contributing to training large-scale models. How-
ever, their comparison is not enough. Different from
them, we present a comprehensive analysis aimed
at identifying the key factors that consume GPU
memory during the training of DNNs and provid-
ing a survey about how to train large-scale mod-
els with limited GPU memory. Drawing upon our
analysis, a thorough study of the prevalent tech-
niques that are employed in training large-scale mod-
els with limited GPU memory is presented. This
study delves into the significant memory consump-
tion caused by model parameters, model states, and
model activations, all of which impose considerable
demands on memory resources while training large-
scale models. To be more specific, methodologies
that decrease the memory consumption of model pa-
rameters within one GPU include multi-GPU train-
ing, mixed-precision training, and specific model de-
signs. For example, Model Parallel (MP) partitions

the entire model into submodels along layers and
executes each submodel on each worker, such as
Megatron-LM (Shoeybi et al., 2020) from NVIDIA.
On the other hand, Pipeline Parallel shards the
model along the depth and executes each submodel
in a pipeline manner, such as GPipe (Huang YP
et al., 2019), PipeDream (Narayanan et al., 2019),
and XPipe (Guan et al., 2019). Moreover, Mixed
Parallel, consisting of more than two types of par-
allelism, could decrease the memory consumption
of model parameters, such as HetPipe (Park et al.,
2020), DAPPLE (Fan et al., 2021), and Chimera (Li
SG and Hoefler, 2021). In terms of reducing memory
consumption from model states, we introduce some
optimizers that have achieved success in training
large-scale models, such as the zero redundancy op-
timizer (ZeRO) (Rajbhandari et al., 2020), Patrick-
Star (Fang et al., 2023), Adafactor (Shazeer and
Stern, 2018), and CAME (Luo et al., 2023). Last
but not the least, given the substantial memory of
model activations, we focus on those methods that
alleviate the memory overhead of model activations.
Representative works include rematerialization and
swapping methods, such as dynamic tensor rema-
terialization (DTR) (Kirisame et al., 2021), Check-
mate (Jain et al., 2020), virtualized deep neural net-
work (VDNN) (Rhu et al., 2016), ZeRO-Offload (Ren
J et al., 2021), and DELTA (Tang et al., 2022).
Training large-scale models with limited GPU mem-
ory has not only been a research hit in academia but
also drawn plenty of interest in the industry. For ex-
ample, Megatron-LM trains large-scale models with
Data Parallel, MP, and Pipeline Parallel. Besides,
for training PanGu-« with 20 billion parameters, re-
materialization and zero optimizers are adopted be-
yond 3D Parallel. The detailed information of these
works is summarized in Table 1. In the end, we pro-
vide our concerns and discussion of future research
about training large-scale models with limited GPU
memory.

2 GPU memory consumption analysis

Fig. 1 illustrates the growth trends of various
DNN model sizes and GPU memory capacities since
2016. The red inverted triangles represent DNN
model sizes, the green dots represent NVIDIA GPU
memory capacities, and the blue dots represent do-
mestic GPU memory capacities. The DNN model
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sizes show a rapid growth trend of approximately
240 times every two years, while GPU memory ca-
pacity has increased only from 12 GB in the NVIDIA
P100 GPU released in 2016 to 141 GB in the NVIDIA
H200 GPU in 2023. Although a single GPU could
barely support mainstream model training before
2019, a turning point quickly emerged after 2020,
and GPT-3 reached an astonishing parameter count
of 175 billion, surpassing the memory capacity of
the most advanced NVIDIA A100 GPU (Choquette
et al., 2021) by over 10 times. Therefore, the dis-
tributed storage/parallel acceleration mode for large-
scale model training is inevitable. However, this
brings about the serious issue of GPU device commu-
nication. Over the past 20 years, the peak computa-
tional performance of GPUs has increased by 90 000
times, but the memory/hardware interconnection
bandwidth has increased by only 30 times (Jia Z
et al., 2018). Under such conditions, the scalability of
distributed parallelism is greatly restricted. There-
fore, the GPU memory wall problem significantly im-
pedes the advancement of deep learning. To address
the GPU memory wall issue, how to manage GPU

memory effectively becomes an urgent problem that
needs to be solved. Motivated by this dilemma, our
investigation focuses on analyzing the memory con-
sumption throughout the training process and seeks
to answer a fundamental question: which part con-
sumes GPU memory most? Besides, there still lacks
a comprehensive survey about how to train large-
scale models with limited memory.

Memory allocation primarily arises from the
substantial storage requirements of the model pa-
rameters, also known as model weights. In the case of
a model containing N parameters, when transferred
to the GPU in a floating-point 32 (FP32) format, a
total of 4N GPU memory is consumed to store the
entire model in the GPU.

Another significant memory consumption stems
from the model states during the training process. In
the context of the stochastic gradient descent (SGD)
optimization algorithm (Amari, 1993), it is neces-
sary to retain the gradients employed in the back-
ward process, resulting in an additional 4N GPU
memory allocation. Furthermore, for the Adam opti-
mizer (Kingma and Ba, 2015), the memory allocation
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Fig. 1 Development of large-scale models’ sizes and GPU memory capacity in recent years.

It is obvious

that the sizes of these models are increasing more and more rapidly and far beyond the capacity of GPU.

References to color refer to the online version of this

figure
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Table 1 A summary of training methodologies regarding model parameters, model states, and model activations

Category Method Information
Method Reference Feature
DistBelief Dean et al., 2012
Megatron-LM Shoeybi et al., 2020 Model Parallel
Expert Parallel Fedus et al., 2022
GPipe Huang YP et al., 2019
Plpepream Narayanan et al., 2019 Pipeline Parallel
Multi-GPU XPipe Guan et al., 2019
. TorchGPipe Kim et al., 2020
training
X HetPipe Park et al., 2020
Reducing memory of DAPPLE Fan et al., 2021
model parameters Chimera Li SG and Hoefler, 2021 Mixed Parallel
PipeTransformer He CY et al., 2021
Hanayo Liu ZM et al., 2023

Sequence Parallel

Li SG et al., 2022

Sequence Parallel

MQSP Zhong et al., 2023
Mixed-precision DoReFa Zhou SC et al., 2018 -
Xt ~pr APEX Micikevicius et al., 2018 -
raing ActNN Chen JF et al., 2021 -
Specific desi L2L Pudipeddi et al., 2020 -
pecilic design ReZero Bachlechner et al., 2021 -
Rajbhandari et al., 2020 DeepSpeed
ZeRO Li SG et al., 2023 Colossal-Al
. Zhao YL et al., 2023 PyTorch FSDP
Reducing memory of Obtimi
model states plimizer PatrickStar Fang et al., 2023 -
Adafactor Shazeer and Stern, 2018 -
CAME Luo et al., 2023 -
DeepZero Chen AC et al., 2024 -
Checkpoint Chen TQ et al., 2016 Static
DTR Kirisame et al., 2021 Dynamic
Checkmate Jain et al., 2020 Static
Rematerialization Optimal Checkpoint Beaumont et al., 2021 Static
Rockmate Zhao XY et al., 2023 Static
Coop Zhang JH et al., 2023 Dynamic
MOCCASIN Bartan et al., 2023 Static
Reduci ¢ vDNN Rhu et al., 2016 Static
© ugl?g r?errl(.)ry ° SwapAdvisor Huang CC et al., 2020 Static
model activations S . AutoTM Hildebrand et al., 2020 Static
Wapping FlashNeuron Bae et al., 2021 Static
ZeRO-OfHoad Ren J et al., 2021 Static
ZeRO-Infinity Rajbhandari et al., 2021 Dynamic
SuperNeurons Wang LN et al., 2018 Static
Capuchin Peng et al., 2020 Static
Combination DELTA Tang et al., 2022 Dynamic
RecShard Sethi et al., 2022 Static
TSPLIT Nie et al., 2022 Static

expands to include the storage of gradient variances,
requiring an additional 4N GPU memory. More-
over, both the momentum of gradients and variances

necessitate two separate 4N memory allocations.
Consequently, the Adam optimizer requires a total
of 16N GPU memory for the training process. A
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similar memory allocation pattern can be observed

for AdamW (Zhuang et al., 2022).

In addition to parameters and model states, a
significant portion of GPU memory is consumed by
the training activations. Assume that b is the input
batch size and s is the sequence length. For a Trans-
former model of [ layers, assuming that its hidden
size is h and the vocabulary size is V, its parame-
ter count is about [(12h? + 13h) + Vh. When h is
large enough, the number of parameters is about
121h2.  For these activations, M, is counted by
(34bsh + 5bs?a)l, where a is the number of heads
in the model (Korthikanti et al., 2023). M, for
GPT-4 (OpenAl et al., 2024) is represented as “~”
because the setting is not public. In Table 2, we com-
pute some typical large-scale models together with
their parameters and the parameters’ memory con-
sumption M, and model states’ memory consump-
tion M, on the condition that b = 16 and s = 128
and using the Adam optimizer. With the Adam op-
timizer and mixed-precision training, Mj is nearly
3x compared to M;,. We notice that GPT-3 175B
will produce about 366.00 GB activations. However,
GPT-3 is trained with a long sequence of 2048 and
a large batch size such as 3.2M (Brown et al., 2020).
Therefore, the memory consumption of activations in
GPT-3 is much more than 366.00 GB. For example,
Li SG et al. (2022) tried to train large-scale mod-
els with a sequence length of more than 2000, which
will cost a large number of activations. With the in-
creased batch size and sequence length, the memory

Table 2 Typical large-scale models and their pa-
rameter count together with the memory consump-
tion of model parameters, model states, and model
activations

Model Number of parameters My My M,

(x109) (GB) (GB) (GB)
BERT-Large 0.34 136 4.08  8.25
T5-Small 0.06 0.24 0.72 0.62
T5-Base 0.22 088 264 6.8
T5-Large 0.7 28 84 1650
T5-3B 3 12 36 20.25
T5-11B 11 44 132 4275
Turing-NLG 17 68 204  96.78
GPT-3 6.7B 6.67 26.68 80.04 39.00
GPT-3 13B 12.85 514 1542 6115
GPT-3 175B 17.46 650.44 1951.32 366.00
GPT-4 >1000 >4000 >12 000 -

M, represents the memory consumption of model parameters;
My represents the memory consumption of model states; M,
represents the memory consumption of model activations

consumption of model activations will also increase
at a ratio.

Ideally, Mg accounts for the primary overhead,
followed by M, and then M,. However, in non-
ideal scenarios where only multi-GPU parallelism is
available, My effectively becomes a portion easily
amortized by optimizer parallel methods. Next is
My, which can be efficiently partitioned across mul-
tiple GPUs through tensor parallelism to distribute
tensor operator parameters within the model. M,
is the most challenging to optimize. Although us-
ing heterogeneous system parallelism and sequence
parallelism methods can be effective, adopting data
parallelism for acceleration can result in linear batch
growth, significantly expanding M,. Additionally,
pipeline parallelism and mixed expert parallelism op-
timize all three types of memory consumption by
allocating model layers to different GPUs, but the
communication overhead for passing activations be-
tween GPUs is substantial. According to Amdahl’s
law (Gustafson, 1988), the performance of parallel
systems is determined by both the serial and parallel
portions. This law also applies to the performance
analysis of distributed parallel systems. For three
different types of memory consumption, optimizing
one type of memory usage on a single GPU to its
limit using a certain parallel method becomes a serial
portion that cannot be further parallelized. There-
fore, it is unreasonable to emphasize M overly and
underestimate M, purely based on numerical values,
because M, is inherently more challenging to paral-
lelize compared to Mj.

In summary, model parameters, model states,
and model activations are three key factors consum-
ing GPU memory the most. There are various ways
to reduce the memory consumption of model param-
eters, model states, and model activations. Then,
we will discuss how to train large-scale models with
limited GPU memory by reducing memory consump-
tion of model parameters (Section 3), model states
(Section 4), and model activations (Section 5), sepa-
rately. For example, researchers usually adopt multi-
GPU training and mixed-precision training to reduce
the memory consumption of model parameters. Be-
sides, they design some specific models to reduce
M,. As for reducing My, researchers usually focus
on optimizers and reduce the memory consumption
of gradients. Last but not the least, M, is reduced by
rematerialization and swapping, which is introduced
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in detail in Section 5.

3 Reducing memory of model parame-
ters

As the number of parameters grows, the efficient
training of large-scale models emerges as a critical
challenge that remains unresolved. Model parame-
ters result in severe memory redundancy, especially
in Data Parallel, because the whole model parame-
ters are replicated across all the workers. To over-
come the memory redundancy of model parameters,
assignment and reduction could be used. Specifi-
cally, assignment means sharding these model pa-
rameters and assigning them to different GPUs, re-
lieving the memory pressure within one GPU. On
the other hand, reduction stands for reducing the pa-
rameter count while keeping the performance of the
model. In this section, we introduce mainly training
large-scale models by decreasing the memory con-
sumption using these two kinds of methods.

3.1 Multi-GPU training

Addressing the memory utilization associated
with model parameters within a single GPU, dis-
tributed and parallel training tries to assign the
model parameters to different GPUs and has proven
pivotal in mitigating parameter consumption. In this
subsection, we introduce mainly distributed and par-
allel training which shards model parameters on mul-
tiple GPUs.

Before introducing distributed and parallel
training which reduces the memory redundancy of
model parameters, we introduce Data Parallel, which
causes plenty of memory redundancy because of
the model replica on each worker. To reduce the
memory redundancy of training the whole dataset,
Data Parallel splits the training samples into sub-
sets and trains these subsets on each worker. This
approach effectively mitigates memory redundancy
by distributing the computational load across work-
ers and reducing the burden associated with model
parameter storage. Each worker independently en-
gages in a training process driven by stochastic gra-
dient algorithms. Data Parallel is commonly im-
plemented using two architectural approaches: the
centralized architecture and the decentralized ar-
In the centralized architecture, such
as Parameter Server (Li M et al., 2014), a central

chitecture.

worker acts as the hub for sending and receiving
gradients computed by each worker. The decentral-
ized architecture, exemplified by Horovod (Sergeev
and del Balso, 2018), operates without a central en-
tity. Each node in Horovod serves as a server and a
worker simultaneously, and communication is limited
to neighboring workers. PyTorch Distributed Data
Parallel (PyTorch DDP) launches multi-progress as
workers. Each worker stores a replica of the whole
model (Li S et al., 2020). AllReduce is used across
these workers to synchronize the gradients. Data
Parallel involves duplicating the whole model in each
worker, leading to memory redundancy from the
model, particularly for large-scale language models.
The substantial number of parameters occupies a
significant portion of GPU memory. For example,
BERT-Large with 340 million parameters requires
approximately 5.07 GB of GPU memory per GPU
to store these parameters, and this does not account
for the memory consumed by activations during the
training process.

To decrease the number of model parameters
within one single GPU, the parallel algorithms, such
as MP and Pipeline Parallel, assign these model
parameters to different GPUs, which reduces the
memory consumption of model parameters within
one GPU and has been widely adopted to al-
leviate the burden on model parameter memory
consumption.

3.1.1 Model Parallel

MP is a widely used strategy in deep learn-
ing; it partitions the model into submodels and
places each submodel on the GPU, such as Dist-
Belief (Dean et al., 2012). It offers an alternative
approach for mitigating memory redundancy within
one GPU compared to Data Parallel. Fig. 2 shows
the overview of MP. The model parameters are dis-
tributed among different workers. Each worker is
responsible for sending and receiving activations in-
stead of gradients, focusing solely on updating its
assigned parameters.

Tensor Model Parallel, a specific form of MP,
encompasses Column Parallel and Row Parallel tech-
niques. A notable example of Tensor Model Parallel
is showcased in the work of Megatron-LM (Shoeybi
et al., 2020), where the multilayer perceptron (MLP)
and self-attention modules within the Transformer
layers are divided using Column Parallel and Row
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Step 1 Step 2
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Worker 3 0 0 1 1
Worker 2 0 0 1 1
Worker 1| 0 0 1 1
T

Training time

Fig. 2 Overview of Model Parallel. The entire model is split onto different GPUs and the training data batch
flows from worker 1 to worker 4, which causes severe bubbles in the training process

Parallel strategies. Synchronization of data within
the matrices is achieved through the utilization of
AllReduce to ensure convergence.

Expert Parallel has been developed in Mixture
of Expert (MoE) models (Fedus et al., 2022; Rajb-
handari et al., 2022). Expert Parallel is specifically
designed for MoE models, where computation cores
are allocated to handle specific experts. In essence,
Expert Parallel can be considered as a variant of
MP, but it can also be used in conjunction with
Data Parallel and MP. Furthermore, Fedus et al.
(2022) adopted a combination of parallel methods,
including Data Parallel, MP, and Expert Parallel,
to tackle models with over a trillion parameters. In
this setting, Data Parallel and MP operate conven-
tionally, while each expert is assigned a computation
core in Expert Parallel, handling the corresponding
allocated data efficiently.

Designing and implementing MP algorithms
poses considerable challenges, and MP faces limi-
tations in terms of scalability and poses greater im-
plementation challenges compared to Data Parallel.
Moreover, achieving a suitable balance among model
scaling capacity, flexibility, and efficiency remains
a complex task. As a result, MP algorithms tend
to be architecture- or task-specific, limiting their
generalizability.

3.1.2 Pipeline Parallel

GPipe (Huang YP et al., 2019), brought out
by Google, primarily focuses on Pipeline Parallel
(Fig. 3). GPipe overcomes these limitations by offer-
ing a flexible and training-efficient library. Initially,
GPipe partitions the model into A/ parts and assigns
each part to a specific accelerator. Based on this par-
titioning, GPipe further divides the training batch B
into M micro-batches, which are pipelined across

the A accelerators. During the back-propagation
process, the gradients for each micro-batch are com-
puted using the same model parameters employed
during the forward pass. Ultimately, the gradients
from all M micro-batches are accumulated and used
to update the model parameters in the current mini-
batch across all accelerators. An implementation of
GPipe on PyTorch is achieved on TorchGPipe (Kim
et al., 2020). There exist severe bubbles in GPipe,
as shown in Fig. 3.

Fig. 4 shows the architecture of PipeDream
(Narayanan et al., 2019), which addresses the bub-
ble problem present in GPipe by employing a one
forward one backward (1F1B) strategy. This strat-
egy ensures that the backward computation of each
stage commences immediately after the completion
of the forward stage. By reducing bubble overhead,
PipeDream optimizes the utilization of GPU mem-
ory. The 1F1B strategy is commonly used in recent
pipeline-paralleled works. Moreover, PipeDream
maintains all parameters assigned to the stage in
GPU memory, which reduces the memory consump-
tion from parameters within one single GPU. In
GPipe, the forward process and the backward pro-
cess for one micro-batch use different versions of pa-
rameters at each stage. However, in PipeDream, the
weights for new micro-batches will not be updated
until all the micro-batches’ weights are updated be-
fore old micro-batches, which incurs misconvergence.
To solve this problem, PipeDream uses weight stash-
ing to avoid mismatches between different versions of
weights. To be more specific, weight stashing keeps
multiple versions of weights for every mini-batch in
GPU. PipeDream also supports checkpointing (Chen
TQ et al., 2016) on each stage for fault tolerance.
PipeDream gains comparable accuracy and a better
speedup compared to Data Parallel.
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Fig. 3 Overview of GPipe, in which DNNs are trained in a pipeline.

efficiency of GPU

Training time

However, the bubbles result in low

Startup state Steady state
A |
Y
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Worker 2 0o 1 2 3 0 1 4 2 5 3 6 4 7
Worker 3 o 1 2 0 3 2 4 3 5 4 6 5
Worker 4 0o 0 1 1 2 3 3 4 4 5 5 6
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Fig. 4 Overview of PipeDream, which adopts the 1F1B strategy and reduces the bubbles in GPipe. The blue
blocks represent the forward process in each worker and the orange ones the corresponding backward process.
References to color refer to the online version of this figure

Guan et al. (2019) proposed XPipe as an ap-
proach for enhancing the efficiency of GPipe and
tackling the challenges posed by synchronous train-
ing and asynchronous model training. PipeDream,
on the other hand, uses different versions of model
weights during iterations, resulting in memory re-
dundancy. To address this issue, XPipe employs
weight sharing within the complete mini-batch while
managing weight prediction for each mini-batch.
Furthermore, to alleviate memory redundancy, they
introduced the concept of “weight difference” as a
measure of the number of weight updates.

3.1.3 Sequence Parallel

For Transformer-based language models, their
input is typically a sequence. However, for a long
input sequence, the time and space complexities of
the self-attention mechanism increase quadratically,
leading to increased memory overhead. In certain
specific scenarios, such as medical image processing,
the input sequence length may be too large for the
GPU’s memory to meet training requirements. Se-
quence Parallel divides the input sequence into mul-
tiple chunks, with each subchunk assigned to a GPU,
and each GPU retains only a subsequence of the
complete sequence (Li SG et al., 2022). To enable
the self-attention mechanism to be applied to dif-

ferent chunks, they designed the ring self-attention
algorithm.

Based on Sequence Parallel, Zhong et al.
(2023) proposed MQSP to solve the difficulty of
Transformer-based models in scaling up to a long
They split the input sequence into sev-
eral subsequences. They also projected the local
queries, keys, and values in self-attention. Different
from vanilla Sequence Parallel, they designed a dis-

sequence.

tributed self-attention by synchronizing the queries
A distributed softmax was
used, incurring negligible communication. They de-
signed Micro-Q, which means the subqueries are split

across all the devices.

from the local query, ensuring a linear scaling of the
input sequence to a long sequence.

3.1.4 Mixed Parallel

Mixed Parallel is a collective term encompassing
the combination of Data Parallel, MP, and Pipeline
Parallel techniques. It introduces a novel paradigm
known as 3D Parallel, where three axes, namely the
x axis (Pipeline Parallel), y axis (MP), and z axis
(Data Parallel), are represented (Fig. 5). This sub-
section primarily focuses on methods that leverage
mixed parallelism.

HetPipe (Park et al, 2020) is a training
framework that combines pipeline parallelism and
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Fig. 5 Overview of 3D Parallel, which consists of Data
Parallel, MP, and Pipeline Parallel. These parallel di-
mensions shard GPUs as their degrees in the training
system

data parallelism for heterogeneous GPU clusters
(Fig. 6).
lelism is facilitated through the concept of virtual
worker (VW), which comprises multiple GPUs. The
virtual worker allows for data parallelism by aggre-
gating resources from multiple GPUs, even when
individual GPUs may be resource-limited.

In the training system, data paral-

Fur-
thermore, each virtual worker processes each mini-
batch based on pipeline parallelism, maximizing
GPU utilization. HetPipe also introduces the Wave
Synchronous Parallel model to synchronize model
weights and ensure model convergence. A “wave”
represents a sequence of mini-batches processed si-
multaneously within a virtual worker. Instead of
transmitting weight updates for every mini-batch,
the virtual worker aggregates and pushes the accu-
mulated weight updates in a wave to the parameter
server (Fig. 6).

DAPPLE (Fan et al., 2021) is another syn-

Pyt P

Bl | e Node 1
Resource
allocator
Parameter server /
Push
Node N-1 Pull Node N
[ Gy G VWN-1 G4 G ]
[ Gi-1 Gy VWN Gi-1 cp ]

Fig. 6 HetPipe architecture. Data parallelism is ex-
ecuted among each node, also known as the virtual
worker. Pipeline parallelism is executed from node
to node

chronous training method that integrates pipeline
parallelism and data parallelism. DAPPLE consists
of three components: Profiler, Planner, and Runtime
(Fig. 7). The Profiler component takes the DNN
model as input and profiles information such as the
execution time, activations, and parameters for each
layer. The Planner component aims to minimize
pipeline latency between pipeline stages, leveraging
dynamic programming to find optimal solutions, in-
cluding device assignment. The Runtime component
constructs forward and backward graphs for each
pipeline stage, inserting split and concatenation op-
erations for activation communications between ad-
jacent stages. The Runtime component also builds
a subgraph for synchronous training. To optimize
GPU memory usage, backward stages are scheduled
earlier to release activations. In addition, instead of
injecting all M micro-batches at once, only K < M
micro-batches are inserted initially. After a back-
ward stage finishes, a new forward stage is scheduled
promptly to enable earlier backward stage execution.

Chimera (Li SG and Hoefler, 2021) is a syn-
chronous method that combines data parallelism
and pipeline parallelism (Fig. 8). Different from
DAPPLE, Chimera incorporates two pipelines in dif-
ferent directions, referred to as the down pipeline
and the up pipeline. These pipelines are mapped
in the opposite order. For M micro-batches, each
pipeline schedules M /2 micro-batches using a 1F1B
strategy. This approach effectively reduces the num-
ber of bubbles to S/2 — 1 during the forward and

DNN model .
Execution time
Profiler Activation sizes
Parameter sizes
. N
/" Hybrid parallel model
Runtime Planner
Distributed
training

- /

Fig. 7 DAPPLE architecture. The Profiler com-
ponent takes the DNN model as input and profiles
the execution time, activation sizes, and parameter
sizes for the Planner. Then the Planner component
finds the hybrid parallelism for this model through
dynamic programming. The Runtime component
launches distributed training based on the hybrid par-
allel model
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Fig. 8 Architecture of Chimera, which incorporates
two pipeline directions in opposite order

backward processes, where S represents the number
of pipeline stages. However, Chimera increases the
training efficiency at a cost of memory because each
worker maintains two copies of submodels.

PipeTransformer (He CY et al., 2021) intro-
duces an elastic Pipeline Parallel training framework
specifically designed for Transformer models. It con-
sists of four modules: Freeze Algorithm, AutoPipe,
AutoDP, and AutoCache. The Freeze Algorithm dy-
namically selects layers to freeze over different itera-
tions adaptively. AutoPipe optimizes the allocation
of active layers across GPUs, dynamically partition-
ing the training pipeline to minimize the number of
pipeline devices. It employs a greedy algorithm to
allocate all frozen and active layers across K GPU
devices. AutoDP spawns pipeline replicas on un-
used GPUs to increase the degree of data parallelism.
AutoCache shares activations across all Data Paral-
lel processes and automatically replaces stale caches.

Liu ZM et al. (2023) analyzed the drawbacks of
Chimera and DAPPLE, resulting in a high bubble
rate and communication overhead. Then they intro-
duced a wave-like pipeline scheme named Hanayo.
Instead of training a complete pipeline on all de-
vices in one direction, they performed a direction
reversal in the middle for either of the bidirectional
pipelines. Through this direction reversal, the orig-
inal bidirectional pipeline is transformed into two
single-directional pipelines in a wave-like fashion. In
this pattern, Hanayo employs the same model repli-
cation and obtains a performance at least as good as,
if not better than, Chimera.

In addition to mixed parallelism, there has been
significant research on automatic parallelism, aiming
to identify the optimal parallel algorithm given large-

scale models and the device mesh (Jia ZH et al., 2019;
Unger et al., 2022; Yuan et al., 2022; Zheng et al.,
2022; Chen JF et al., 2023; Lin ZQ et al., 2023).
However, these topics are beyond the scope of this
paper, and readers can refer to the survey by Liang
et al. (2022) for details. Furthermore, addressing the
dilemma of overlapping communication and compu-
tation to accelerate the training of large-scale models
remains a challenge.

3.2 Mixed-precision training

Mixed-precision training, such as those intro-
duced by NVIDIA APEX (Micikevicius et al., 2018),
has been developed to train DNNs using half-
precision floating point numbers. By using lower
precision methods, the memory and computing re-
quirements of the training process can be signifi-
cantly reduced. Additionally, researchers have pre-
sented several key ideas to enable 8-bit floating point
(FP8) training, including (1) novel hybrid FP8 for-
mats to represent weights, activations, and gradi-
ents, (2) chunk-based hierarchical accumulations to
minimize low-precision accumulation errors, and (3)
selective precision rules (for first, last, and depthwise
convolutional layers) (Wang NG et al., 2018; Sun X
et al., 2019). Banner et al. (2018) presented low-
precision training results with 8-bit fixed-point inte-
gers for the forward phase as well as a subset of the
computations in the backward phase. Sun X et al.
(2020) explored a novel adaptive gradient scaling
technique (GradScale) that addresses the challenges
of insufficient range and resolution in quantized gra-
dients and trains DNNs using 4-bit floating point. Xi
et al. (2023) proposed a training method for Trans-
formers with all matrix multiplications implemented
with the INT4 arithmetic, and the numerical formats
were supported by contemporary hardware. Fur-
thermore, Ma et al. (2022) proposed a layer-wise
mixed-precision strategy that optimizes the train-
ing process without compromising convergence. Al-
though mixed-precision training typically involves
maintaining an additional copy of weights, result-
ing in increased memory requirements, the overall
impact on memory usage is relatively small due to
the low-precision representation of activations.

Quantized training (Zhang DQ et al., 2018;
Zhou SC et al., 2018; Chen JF et al., 2020)
aims to reduce computational costs by performing

quantization during inference or training. As a
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beneficial side effect, quantization can also reduce
the memory footprint during training. During
training, all layers’ activations must be stored in
memory to compute gradients.
pressed training techniques (Fu et al., 2020; Chen

Activation com-

JF et al., 2021) achieve memory savings by compress-
ing activations to lower numerical precision through
quantization. Moreover, weight compression tech-
niques (Han S et al., 2016) and gradient compression
techniques (Lin YJ et al., 2018) compress weights
and gradients, respectively, to reduce storage and
communication overhead.

3.3 Specific model designs

Specific designs for the Transformer architecture
have been proposed to effectively reduce the memory
footprint resulting from model parameters. In this
subsection, we present some notable works related to
this field.

Pudipeddi et al. (2020) trained large-scale lan-
guage models using a new execution algorithm that
achieved constant memory consumption. As large-
scale language models are built upon numerical
Transformer models, they introduced the layer-to-
layer (L2L) algorithm for training large-scale models
on a single device. Instead of keeping the entire
encoder—decoder architecture on the GPU, they in-
troduced a host called “eager param-server” (EPS).
The weights and gradients are managed by EPS. Ex-
cept for the embedding layer and the output layer,
only one encoder—decoder layer stays in the device.
This layer gets weights from EPS and outputs gradi-
ents to EPS. Therefore, the device stores only three
layers.

Another significant work related to specific de-
sign is ReZero (Bachlechner et al., 2021), drawing in-
spiration from the residual connection (He KM et al.,
2016) in the Transformer architecture. First of all,
Bachlechner et al. (2021) represented the transfor-
mation as a function F(z). Then they introduced a
residual connection for the input x and another pa-
rameter « € [0, 1], which adjusts the transformation
layer F'(x):

Tig1 = X4 + aiF(xi), (1)

where «; is initialized as 0 and is trainable from it-
eration to iteration. The ReZero Transformer archi-
tecture is shown in Fig. 9. When o; = 0, the 7"
layer is effectively bypassed, resulting in a reduction

in the number of model parameters. Comparisons
among ReZero, the vanilla Transformer, and the Pre-
LN Transformer (Xiong et al., 2020) validate that
ReZero enables training with deeper Transformer
models and reduced GPU memory. The experimen-
tal results verify that ReZero makes it possible to
train a deeper Transformer model.

/)
%

%

O
Feed forward layer
Layer normalization

X

Multi-head
attention

Layer normalization

Fig. 9 Architecture of the ReZero Transformer. The
parameter o determines whether the layer is calcu-
lated in the process

These specific designs rely on researchers’ do-
main expertise regarding model architectures. By
leveraging this knowledge, these methods can be de-
veloped and applied effectively.

4 Reducing memory of model states

In general, model states include the opti-
mizer states, gradients, and parameters (Rajbhan-
dari et al., 2020). In this paper, the model states
include only the optimizer states and the gradients
because we introduce these methods to reduce the
memory consumption of model states. Therefore, in
this section, we introduce mainly how to overcome
the memory redundancy of model states.

4.1 ZeRO

One of the major challenges in training large-
scale models is the significant memory requirement
due to the vast number of model states. Loading
such models into GPU memory is highly demanding.
For instance, training GPT-3 with 175 billion param-
eters requires approximately 2.1 TB of GPU memory
for the model states when employing mixed-precision
training together with Adam.
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Rajbhandari et al. (2020) identified two main
components consuming memory during the train-
ing process: model state and residual state. The
model state includes optimizer states, gradients, and
parameters. Taking the Adam optimizer as an ex-
ample, storing the momentum and variance of each
gradient, in addition to the model parameters, in-
curs an additional 12x memory cost through mixed-
precision training. To alleviate this memory limi-
tation, ZeRO introduces a key insight: partitioning
optimizer states, gradients, and parameters specifi-
cally designed for data parallelism. In the case of a
data parallel degree of N, the optimizer states, gradi-
ents, and parameters are partitioned into N groups,
with each GPU or process responsible for storing
and updating 1/N of these values. This partitioning
strategy reduces the memory redundancy associated
with data parallelism.

The residual state includes activations, com-
monly observed in model parallelism, temporary
buffers, and memory fragmentation. For training
activations, ZeRO employs a partitioning approach.
In model parallelism, the redundancy arises from re-
peated activations. Hence, ZeRO eliminates this re-
dundancy by partitioning and materializing activa-
tions in each activation layer at a specific time. After
performing forward propagation within the model,
the input activations are partitioned across all GPUs
in the system or MP processes. ZeRO allocates
a sufficiently large buffer of constant size for tem-
porary buffers during the training process to min-
imize frequent memory access. Additionally, ZeRO
tackles memory fragmentation by allocating contigu-
ous memory chunks for activations and temporary
gradients during the back-propagation process and
promptly managing them when produced. There
are three stages in ZeRO, namely ZeRO-1, ZeRO-2,
and ZeRO-3. ZeRO-1 partitions the optimizer states,
ZeRO-2 partitions gradients, and ZeRO-3 partitions
model parameters to reduce memory redundancy. As
for the communication overhead in ZeRO, ZeRO-1
and ZeRO-2 share the same communication volume
However, ZeRO-3 costs
1.5x communication overhead as those shared pa-
rameters are supposed to be gathered.

as vanilla Data Parallel.

ZeRO has garnered significant interest and has
been used in various works. For instance, Microsoft’s
DeepSpeed (Rasley et al., 2020), a distributed frame-
work, enables researchers to train large-scale models

of arbitrary sizes. DeepSpeed has been successfully
employed in various projects, including the CPM
model (Zhang ZY et al., 2021). Besides, Li SG
et al. (2023) introduced Colossal-Al, which incor-
porates the ZeRO optimizer into their framework.
The PyTorch team has also implemented PyTorch
Fully Shard Data Parallel (Zhao YL et al., 2023),
offering an alternative implementation of the ZeRO
optimizer.

4.2 PatrickStar

Based on ZeRO, Fang et al. (2023) proposed a
chunk-based memory management for training large-
In their opinion, static sharding of
model states lacks the tolerance for training large-
scale models without sufficient GPU or central pro-
cessing unit (CPU) memory. They proposed Patrick-
Star, which manages the fine-grained model states to
make full use of heterogeneous memory. They put
those fine-grained model states into chunks of the
same size. During the training process, PatrickStar

scale models.

organizes the distribution in heterogeneous storage
dynamically according to the tensor states. They
also used warm-up iteration to collect the informa-
tion of model states in GPU and designed an ef-
ficient chunk-recovery strategy to reduce the com-
munication between CPU and GPU. Experimental
results showed that PatrickStar achieved better ef-
ficiency compared to DeepSpeed and lower memory
consumption.

4.3 Adafactor

In addition to ZeRO, there are other approaches
aimed at reducing the number of model states to
gain memory optimization. Adafactor (Shazeer and
Stern, 2018) is one such method. When training
large-scale models using second-order estimators like
Adam and AdamW, a significant amount of GPU
memory is required. The algorithm for Adam can
be found in Algorithm 1. To mitigate the mem-
ory footprint associated with these second-order es-
timators, Shazeer and Stern (2018) proposed to con-
struct a low-rank approximation of the exponentially
smoothed accumulator. By doing so, the memory re-
quirement is reduced from O(MN) to O(M + N)
for a matrix of size M x N. The details of the
Adafactor algorithm can be found in Algorithm 2. In
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Algorithm 1 Adam optimizer

Input: model parameters 0, loss function f, moment
estimates f1 € [0,1) and B2 € [0,1), learning rate
71, regularization constant ¢, and number of training

iterations 7.
Output: 6.

1: Initialize mo =0, vo =0

2: fort=1,2,---,7T do

3 g Vf(0i-1)
my < Bimi—1+ (1 — B1)g:
v < Bovi—1 + (1 — B2)g7
e <= me/(1 = Bi)
b e /(1 — B5)

8: O <— 011 — nmt/(\/ﬁ—&— €)
9: end for
10: return 60

M=

Algorithm 2, RMS(z) = /£ > #2. Similar to opti-

1

mizers like Adam, Adafactor uses a second-moment
estimator (similar to the moving average of squared
gradients) to adjust the learning rates adaptively.
This helps in handling the geometry of the optimiza-
tion landscape.

In contrast to Adam, Adafactor employs an
adaptive learning rate for each parameter in the
model, which means that the learning rate is ad-
justed individually for each parameter during train-
ing, allowing for more efficient and effective up-
dates. Besides, Adafactor is designed to be memory-
efficient, which is crucial for large-scale models and
datasets. It uses a factored (or low-rank) ap-
proximation of the second-moment matrix, reducing
the memory requirements compared to full-matrix

Algorithm 2 Adafactor optimizer
Input: model parameters 6, loss function f, moment

estimates 8 € [0,1), learning rate 7, regularization
constants €; and €2, and number of training iterations 7'.
Output: 6.
1: Initialize vo =0, uop =0
2: fort=1,2,---,7 do
3: gt < Vf(9t71)
Be=1—-1/t
ve = Brve—r + (1= Be)(97 + e1lnln) lm
up = Brug—1 + (1= B) 1y (g7 + e1lnly,)
W — (vtut/lg)/vt
2zt = gi//Ws
1: = max(ez, RMS(0:—1))p+
10 Oy < 01 — Me 2t
11: end for
12: return 6

methods. Adafactor does not require the first-order
estimation of gradients to be maintained. Note
that Adafactor does not use momentum informa-
tion (Sutskever et al., 2013; Cutkosky and Mehta,
2020), causing unstable convergence regarding train-
ing large-scale models. Like many adaptive learning
rate algorithms, Adafactor’s performance can be sen-
sitive to the choice of hyperparameters. Suboptimal
hyperparameter settings may lead to issues such as
slow convergence or instability during training.

4.4 CAME

Note that the second-order estimator of the
gradients adds extra memory consumption in the
training process, such as Adam (Kingma and Ba,
2015) and LAMB (You et al., 2020). On the
other hand, Adafactor results in a decline in the
model performance. Luo et al. (2023) proposed a
confidence-guided strategy, CAME, which improves
the robustness of Adafactor and gains an adaptive
memory optimization. The algorithm of the CAME
optimizer is displayed in Algorithm 3. In more detail,
CAME uses a confidence measure to guide the sam-
pling process during optimization. This confidence
measure helps the algorithm focus on promising op-
timal solutions. Moreover, Luo et al. (2023) devel-
oped an adaptive memory mechanism with faster

Algorithm 3 CAME optimizer

Input: model parameters 6, loss function f, moment

estimates 8 € [0,1), learning rate 7, regularization
constant ¢, and number of training iterations 7.
Output: 6.
1: Initialize vo =0, up =0
2: fort=1,2,---,T do
3: gt < Vf(0t71)
40 [r=1-1/t
5. v 4 Brve-1 + (1= Be)(g7 + e1lnly)lm
6:  wur = Brur—1 4 (1= Be) 1, (97 + e1lnly,)
7 Wy (vtut/lg)/vt
8  z=gi/Vwe
9: n: = max(e2, RMS(0¢—1))p+
10: me = frme—1+ (1 — B1)ne
11: Ug = (ne — mt)2
12: R; = ﬂgRt71 =+ (1 — ﬂg)(Ut + Eglnl;rn)
132 Cp =301+ (1= B3)1E (Ui + e11,17)
14: S, = R.Ci/(1TRy)
15: O < Oi—1 — nme//St
16: end for
17: return 6
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convergence. This memory-efficient approach helps
avoid redundant evaluations of the objective func-
tion and speeds up the optimization process. Lines
11 to 14 are the pseudocodes of the memory-efficient
mechanism computation. The CAME optimizer cor-
rects the update amount based on the updated con-
fidence of the model and performs non-negative ma-
trix decomposition on the introduced confidence ma-
trix. Therefore, it obtains comparable performance
to Adam. The confidence-guided sampling and adap-
tive memory mechanisms also contribute to its abil-
ity to converge faster.

4.5 DeepZero

First- or second-order optimizer relies on gra-
dients computed during the training process. When
obtaining first-order gradient information is difficult,
zeroth-order optimization becomes a commonly used
method in such scenarios (Liu SJ et al., 2018). Com-
pared to first-order optimization, zeroth-order opti-
mization has the advantage of not requiring explicit
gradient calculation; instead, it uses finite differences
in function values to estimate gradients. DeepZero
integrates zeroth-order optimization, model pruning,
and parallel computing techniques (Chen AC et al.,
2024). However, zeroth-order optimization is not yet
widely applied in large-scale models, and further re-
search is still needed to explore its potential.

These optimizers reduce memory consumption
resulting from model states. They focus on the gra-
dients and their variance. However, how to reduce
memory consumption and keep the performance and
convergence at the same time remains a problem,
especially for theoretical analysis.

5 Reducing memory of model activa-
tions

Model activations also play a crucial role in com-
puting gradients during the back-propagation pro-
cess. However, they consume a significant amount
of GPU memory if staying in GPU, which poses a
great challenge for efficient memory usage. The num-
ber of model activations increases as the batch size
To address this
issue, several methodologies have been proposed to
reduce the memory consumption of training activa-
tions. In this section, we introduce two prominent
approaches: rematerialization and swapping. Here,

or the sequence length increases.

fine-grained memory optimization techniques refer
to tensor-wise operations, whereas coarse-grained
memory optimization techniques pertain to opera-
tions on the model layer.

5.1 Rematerialization

Rematerialization methods involve evicting lay-
ers or evicting tensors during the forward pass of
training DNNs and recomputing them during the
backward pass, which is also named checkpoint-
ing (Chen TQ et al., 2016). The detailed remate-
rialization process can be found in Fig. 10.

Forward

Backward

Recomputation Recomputation

Fig. 10 Rematerialization process. The gray circles
represent evicted activations and the rest are stored
in GPU in the forward process. In the backward pro-
cess, the evicted activations are rematerialized from
Memory consumption is re-
duced at the cost of more rematerialization time

the stored activations.

In the pioneering work of Chen TQ et al. (2016),
they introduced checkpointing every /n layers dur-
ing the forward pass to reduce the memory consump-
tion of activations, where n is the number of model
layers (Fig. 10).
ear memory cost, enabling the training of larger and
deeper models. However, it has limitations as it re-
quires manual selection of checkpointed layers and is
not applicable to nonlinear models like ResNet (He
KM et al., 2016).

To address the limitations of Chen TQ et al.
(2016), Kirisame et al. (2021) designed DTR based
on PyTorch (Paszke et al., 2019). DTR is a fine-
grained method that uses heuristic functions to de-
termine the optimal tensors to evict. For each ten-
sor t, the staleness time is s(t), computed from the
time at which it has not been used. The memory

This approach results in sublin-
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consumption of tensor ¢ is m(¢). The heuristic func-
tion in DTR considers the recomputation cost of a
tensor, the recomputation cost of its parent tensors,
and the tensor’s memory consumption and staleness
time. In DTR, the only action for reducing the ac-
tivation redundancy is eviction. The recomputation
cost for tensor t is ¢, (t). Besides, the recomputa-
tion cost of the parent tensors of tensor ¢, ¢,, should
be taken into consideration. Therefore, the heuristic
function of DTR is

a(t) + ZtPEe(t) a(tp)
s Y

hptr =

where e(t) is the set of parent tensors of tensor
t. There are other heuristic functions except for
the one given in Eq. (2), such as least recently
used (LRU) (Lee et al., 1999) and Greedy. The
tensor with a small value of the heuristic function
is chosen for eviction.

Different from DTR, Checkmate (Jain et al.,
2020) is constructed on TensorFlow (Abadi et al.,
2016) and regards the rematerialization problem as
a constrained optimization problem in which the
trade-off between training time and memory con-
sumption needs to be optimized. First, Checkmate
converts the input model into a static directed acyclic
graph (DAG), G(V, E), where V is the set of vertices
and FE is the set of edges in G. The vertex stands
for the operations between tensors and the edge is
the dependency between operators. Similar to DTR,
for operator v, its memory consumption is m, and
computation cost is ¢,. For each operator, there are
only two states in this design, namely Recomputa-
tion and Stay-in-GPU. They use a binary indicator
to represent the state of each tensor. To be more
specific, S;; € {0, 1} indicates whether the result of
operation i should be kept Stay-in-GPU at stage t—1
until stage t. R, ; € {0,1} indicates whether the op-
eration 7 is recomputed at time step t. Under this
formulation, we have

n t
arg I}lgiél Z Z CiR:

ot=1 =1
s.t. Rt)j < Rt)i + St,i Vt, V(vi,vj) (S E,
St S Ry_1i+ Si—1, YVt >2, Vi, (3)

> S1i=0, Y Rip>1,
i t

Ry, S €4{0,1} WV, Vi,

where C} is the time cost from the first operation to
the i*" operation. These constraints are formulations
of the relationship of graph G. Then, integer linear
programming (ILP) (Margot, 2010) and the Gurobi
tool are used to solve Eq. (3) and obtain the states for
each operator. The training process proceeds based
on the graph rebuilt with rematerialization, leading
to increased input batch size with reduced memory.

There are some other works concerning remate-
rialization. Beaumont et al. (2020) employed dy-
namic programming to find the best rematerial-
ization strategies for DNN models.
the optimization problem, they used G = (V,E)
to represent the model graph, where V is the set
of vertices and F is the set of edges between ver-
tices, which is similar to the formulation of Check-

To formalize

mate. However, they required further evaluation of
real-world datasets and large-scale language models.
Besides, they developed an open-source framework
regarding rematerialization with PyTorch, Rotor
(https://gitlab.inria.fr /hiepacs/rotor). Then, Zhao
XY et al. (2023) combined Checkmate (Jain et al.,
2020) and Rotor (Herrmann et al., 2019) that focuses
on the heterogeneous chains and proposed Rock-
mate. They considered each model as a sequence
of blocks and applied Checkmate to each block in
the sequence. Then Rotor was applied to the en-
tire sequence. They gained a speedup compared to
Checkmate in rematerialization.

Tensor rematerialization results in severe mem-
ory fragments in the training process. To address
this problem, Zhang JH et al. (2023) proposed Coop.
They tried to evict tensors within a sliding window
algorithm. They used a list to store all the tensors’
states and sorted these tensors by their addresses,
and the tensors in the sliding window were supposed
to be evicted. Besides, they defined a heuristic func-
tion as

h(t) = c(t)/s(), (4)

where ¢(t) is the sum computation cost in the window
and s(t) is the staleness time. This window slides
within the list and compares the summed heuristics
of continuous tensors in the window, of which the
smallest heuristics are evicted.

5.2 Swapping

Swapping methods involve transporting data
between the GPU to other physical devices, such as
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CPU or solid state drive (SSD), to reduce the GPU
memory usage. Swapping also indicates offloading in
some papers (Rajbhandari et al., 2021; Ren J et al.,
2021).

Rhu et al. (2016) proposed vDNN, which swaps
out training activations to the CPU during the for-
ward process and swaps them back to the GPU
during the backward process for gradient computa-
tion. To minimize the transportation time, vDNN
performs computation and data transmission con-
currently to hide the transmission time. However,
vDNN introduces time delays due to synchroniza-
tion of computation and data transmission after each
layer. Furthermore, vDNN is applicable only to con-
volutional neural networks (CNNs).

SwapAdvisor (Huang CC et al., 2020) is a
method proposed based on MXNet (Chen TQ et al.,
2015). It takes the model graph as input and uses
the genetic algorithm (Holland, 1992) to find the op-
timal operator schedule in the constructed search
space, considering memory allocation and operator
schedules. SwapAdvisor first decides which tensors
to swap out, determines the optimal timing for swap-
in and swap-out operations to optimize the overlap-
ping between computation and communication, and
outputs an augmented graph. Then the augmented
graph is simulated to measure the corresponding ex-
ecution time. This process is iterated until the orig-
inal graph is fully optimized. SwapAdvisor employs
Belady’s strategy to select tensors that will not be
used in the future to be swapped out and adopts
prefetching techniques to maximize the overlapping
between computation and communication.

Hildebrand et al. (2020) proposed AutoTM,
which uses ILP to find the optimal tensor assign-
ment and movement between dynamic random ac-
cess memory (DRAM) or non-volatile dual in-line
memory modules (NVDIMMs). AutoTM takes a
DNN model as input and tries to minimize the exe-
cution time. Besides, AutoTM is the first to employ
DRAM and nonvolatile memory to reduce the mem-
ory of model activations. However, they cannot deal
with large-scale models because the search space of
large-scale models is extremely large.

Bae et al. (2021) proposed FlashNeuron, which
uses an NVMe SSD as a backing store. They in-
troduced an offloading scheduler to find the optimal
offloading schedule with an input batch size and a
DNN model. First, FlashNeuron conducts a profiling

iteration. Within this iteration, all the buffered ten-
sors during the forward process are offloaded to SSD
to avoid the out-of-memory error. All the tensors’
size and time are collected within this profiling iter-
ation. This information is used to determine which
tensors are supposed to be offloaded. This process
is executed by the scheduler. The scheduler checks
whether the total data offloading time computed by
accumulating the offloading time of each tensor is
less than the total execution time of all layers during
forward propagation. If so, the offloading scheduler
adopts this schedule to achieve full overlap between
the computation and offloading processes.

ZeRO-Offload (Ren J et al., 2021), built upon
ZeRO, addresses the training of large-scale models by
offloading all FP32 model states and FP16 gradients
from GPU to CPU memory. The parameter updates
are performed on the CPU, while the FP16 parame-
ters remain on the GPU, and both the forward and
backward processes are executed on the GPU. ZeRO-
Offload uses the CPU-Adam optimizer to accelerate
the CPU computation process. It is integrated into
the DeepSpeed framework (Rasley et al., 2020).

On the other hand, ZeRO-Infinity (Rajbhandari
et al., 2021) aims to reduce the memory footprint
of large-scale model training using CPU, GPU, and
NVMe (Xu et al., 2015). It introduces the “infin-
ity offload engine,” which offloads all model states
to CPU or NVMe memory. The engine comprises
two main components: DeepNVMe, a C++ NVMe
library for asynchronous management of read and
write requests to achieve overlapping between com-
putation and communication, and the pinned mem-
ory management layer, a memory buffer that offloads
model states to CPU or NVMe memory to prevent
memory fragmentation in CPU and GPU memory.
ZeRO-Infinity also includes CPU offloading of acti-
vations similar to ZeRO-Offload. The “overlap en-
gine” in ZeRO-Infinity achieves overlapping between
computation and communication, as well as NVMe
to CPU and CPU to GPU communication. It con-
sists of a dynamic prefetcher that reconstructs model
parameters before their use in the forward and back-
ward processes and a data movement management
component that executes the required data move-
ment for gradients during backward computation.

Swapping methods are constrained by the band-
width of communication links, such as PCle (Neuge-
bauer et al., 2018). Swapping incurs higher costs
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compared to rematerialization due to these hard-
ware limitations. Achieving maximum overlapping
between computation and communication remains a
challenge in these methods.

5.3 Combination of rematerialization and
swapping

Methods that combine rematerialization and
swapping techniques have been explored to optimize
GPU memory usage in training DNNs.

SuperNeurons (Wang LN et al., 2018) uses a
method that analyzes the liveness of each layer re-
ducing the maximum memory consumption during
the forward process. For each layer [, the memory
usage in the forward process is denoted as mf, while
the memory usage in the backward process is rep-
resented as m}). Therefore, the total memory con-
sumption is Zfil mj + Zfil my, where N is the
number of model layers. Among these layers, we
have mpeax = max(l;), where ¢ = 1,2,...,N. Su-
perNeurons includes a module named liveness anal-
ysis, analyzing the liveness of each layer. The mem-
ory consumption in the forward process is Zle mlfi
at layer k, where £ < N. Liveness analysis re-
duces the maximum memory consumption from
SoiLymy, + S0 my, to Yoy my, +mp . Assum-
ing that the memory cost of each layer is identi-
cal, during the backward process, the memory con-
sumption at layer k is Zle mfi + m?k. Therefore,
the peak memory is Zﬁl mfi + m?N. In this way,
SuperNeurons reduces the memory consumption to
vazl mj +mp, where I} is not the checkpointing
layer. It is obvious that SuperNeurons only swaps
the { CONV} operator, limiting its applicability.

Capuchin (Peng et al., 2020) makes significant
progress by combining rematerialization and swap-
ping in a fine-grained manner. They made decisions
on rematerialization or swapping for tensors based on
information from the first iteration, with swapping
preferred to maximize computation and communica-
tion overlap. They introduced the memory saving
per second (MSPS) metric to measure the benefit of
evicting or swapping tensors:

MSPS — Memory saving

()

Rematerialization time "

Beaumont et al. (2021) proposed dynamic pro-
gramming to find the optimal sequence combination
of rematerialization and swapping and proposed an

algorithm named pofo for layers. Moreover, it can
be used only for linear networks, which is a huge
limitation for language models nowadays.

DELTA (Tang et al., 2022) aims to achieve au-
tomatic and fine-grained memory optimization for
training large-scale models. The optimization pro-
cess is decoupled into three modules: Filter, Di-
rector, and Prefetcher. Filter presents a heuristic
function to select the optimal tensor to obtain Re-
lease. The heuristic function Frjjer is defined by
taking staleness time and memory consumption into
consideration:

1
m(t)s(t) (6)

The filtering function could be alternated with LRU
and Greedy. Director is supposed to choose a bet-
ter action from {Eviction, Offload} for the selected
tensor from Filter. In Tang et al. (2022), ¢ (t) was
defined as the rematerialization cost while ¢4(¢) the
swapping cost of tensor t. They compared c¢,(t)
and c¢s(t) to obtain a better action for tensor ¢. If
¢ (t) > ¢s(t), the rematerialization cost is larger
than the swapping cost, and Director returns Offload
for the tensor.
As far as Prefetcher is concerned, it works
in the backward process. Prefetcher is responsible
for prefetching those offloaded tensors back to the
GPU. Delta employs overlapping strategies to reduce
the time overhead caused by eviction and offloading
operations. Different from Capuchin (Peng et al.,
2020), DELTA is a dynamic manager for training
large-scale models. However, DELTA dynamically
manages memory for large-scale models, but mem-
ory fragmentation remains an unresolved issue.

RecShard (Sethi et al., 2022) focuses on fine-
grained embedding table sharding for deep learning
recommendation models (Ali et al., 2020; Acun et al.,
2021; Ko et al., 2022). It uses embedding hash-
ing (Weinberger et al., 2009; Kang et al., 2021) to
map feature values to output values, constrained by
a specified hash size.

Nie et al. (2022) split the tensors into some
micro-tensors. Each of these micro-tensors is a fine-

Fritter(t) =

Otherwise, Director returns Evic-
tion.

grained unit for a memory operation (Table 3). They
built the execution operation schedule based on the
computation graph, and finished the eviction and
offloading based on the micro-tensors.

Although these strategies have been developed,
there is still a lack of their efficient usage in parallel
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Table 3 Actions in reducing model activations

Action Meaning
Allocation Allocating GPU memory for tensors
Eviction Evicting layers/tensors from GPU

Rematerialization ~ Recomputing layers/tensors back to GPU

Offloading Moving layers/tensors from GPU to CPU
Reloading Moving layers/tensors from CPU to GPU
Swapping Including offloading and reloading

Releasing Including rematerialization and swapping

training. For example, how to train large-scale mod-
els with 4D Parallel efficiently and dynamically, com-
bining 3D Parallel and memory optimization, re-
mains a problem for researchers.

6 Discussion

Looking ahead, future research should priori-
tize the development of memory-efficient techniques
that also ensure high training speeds. Finding a
balance between memory optimization and train-
ing efficiency improvement will be crucial for fur-
ther advancements in large-scale language models.
Therefore, we suggest a few plausible trends in fu-
ture research.

1. Supporting new parallel methods

3D Parallel has attracted much attention nowa-
days. Researchers are seeking new parallel dimen-
sions to reduce memory consumption beyond 3D
Parallel. We expect new parallel methods or a new
combination of some parallelism to train large-scale
models while achieving memory reduction, such as
the combination of Data Parallel and Sequence Par-
allel. With the emergence of new technologies, the
performance of existing parallel methods can be fur-
ther improved, such as FlashAttention (Dao et al.,
2022) and FlashAttention-2 (Dao, 2023). They could
be combined with Sequence Parallel and speed up
vanilla Sequence Parallel.

On the other hand, as mentioned in Sec-
tion 3.1.4, auto parallelism aims to find the opti-
mal solution for training large-scale models given
the model and the device topology. However, Se-
quence Parallel and Expert Parallel have not been
researched in auto parallelism. We expect that new
parallel methods could be combined with 3D Parallel
and achieve the ability to train large-scale models in
an automated fashion.

2. Ensuring the convergence of optimizers

Optimizers need to ensure the convergence of
training large-scale models. This is because optimiz-

ers such as Adafactor are sensitive to hyperparame-
ter settings. Different hyperparameter settings could
result in non-convergent training results. There still
lacks a new optimizer with stable convergence and
less memory consumption. How to ensure the con-
vergence with less memory consumption of model
states remains an open domain.

3. Improving rematerialization and swapping

Both rematerialization and swapping gain mem-
ory reduction at a cost of low throughput. More-
over, the bandwidth between CPU and GPU limits
the speed of swapping data between CPU and GPU,
causing severe time delays in swapping. Another
concern is how to accelerate rematerialization and
swapping when training large-scale models in mem-
ory optimization. In general, the overlap between
communication and computation remains to be set-
tled perfectly.

On the other hand, for fine-grained rematerial-
ization and swapping methods, memory fragmenta-
tion is a vital problem nowadays, especially for dy-
namic methods, such as DTR and DELTA. How to
improve memory fragmentation in dynamic methods
remains to be settled.

4. Combining memory optimization methods

Currently, memory optimization methods pay
attention to one single part concerning model pa-
rameters, model states, and model activations. We
expect these memory optimization methods to be
used together when training large-scale models (Sun
Y et al., 2021; Zeng et al., 2021). However, there
is a lack of work combining these methods. In real-
ity, large-scale models have been trained with more
than 3D Parallel methods (Wang YZ et al., 2023;
Yao et al., 2023). Wang YZ et al. (2023) integrated
memory optimization (rematerialization and swap-
ping) and parallelism techniques (data parallelism,
model parallelism, and pipeline parallelism). They
assigned each technique as a kind of switch. It is well
known that there are forward passes and backward
passes for each layer in the training model. Then,
for all the layers in the model, they obtain the de-
cision for the switches of all the layers. However,
fine-grained combinations of these methods have not
been explored. For example, DELTA could be inte-
grated with Mixed Parallel methods to obtain better
memory reduction. However, it is hard for DELTA to
fit the tensor MP situations, as the tensor is split on
each GPU. How to evict or offload these split tensors
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remains a problem for DELTA to be settled.

Moreover, memory optimization methods are
not considered in recent auto-paralleled methods.
When faced with memory optimization, it is much
more complex for runtime optimization applied to
the profiled model.
optimization could be considered in auto parallelism
and large-scale models can be trained with limited
memory in an automated fashion.

Therefore, we expect memory

5. Reducing communication overhead

In distributed parallel training processes, per-
formance degradation occurs due to communication
across GPUs, especially when the number of GPUs
increases. This communication involves AllReduce
communication for both data and tensor parallelism,
as well as point-to-point communication in pipeline
parallelism. Reducing the communication overhead
or achieving overlap between communication and
computation is currently a research hotspot.

7 Conclusions

In recent years, large-scale language models
have gained significant attention, with their scale in-
creasing exponentially. However, the GPU memory
wall problem poses a major obstacle to further ad-
vancements in large-scale models, as training them
with limited GPU memory remains a challenge. In
this paper, we first analyzed the main factors con-
tributing to massive memory consumption in train-
ing large-scale models.
methods of training large-scale models with limited
GPU memory. Through the analysis of the train-
ing process of large-scale models, we have identified
model parameters, model states, and model activa-
tions as the main contributors to GPU memory con-
sumption. We discussed the approaches and tech-
niques employed to train large-scale models in these
areas. Finally, we discussed the future of training
large-scale models with limited memory.

Then we reviewed various
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