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Abstract: Large-scale deep learning models are trained distributedly due to memory and computing resource
limitations. Few existing strategy generation approaches take optimal memory minimization as the objective. To
fill in this gap, we propose a novel algorithm that generates optimal parallelism strategies with the constraint
of minimal memory redundancy. We propose a novel redundant memory cost model to calculate the memory
overhead of each operator in a given parallel strategy. To generate the optimal parallelism strategy, we formulate
the parallelism strategy search problem into an integer linear programming problem and use an efficient solver to
find minimal-memory intra-operator parallelism strategies. Furthermore, the proposed algorithm has been extended
and implemented in a multi-dimensional parallel training framework and is characterized by high throughput and
minimal memory redundancy. Experimental results demonstrate that our approach achieves memory savings of up
to 67% compared to the latest Megatron-LM strategies; in contrast, the gap between the throughput of our approach
and its counterparts is not large.
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1 Introduction

Large-scale deep learning models have been a
tremendously popular area of study in recent years
owing to their excellent performance improvements
in various fields, such as image recognition, speech
recognition, dialogue systems, natural language pro-
cessing, and recommendation systems (Krizhevsky
et al., 2012; Naumov et al., 2019; Brown et al., 2020;
Dan et al., 2023), which is a result of increasing
model sizes and dataset sizes (Zhuang et al., 2017).
For example, PaLM with 540 billion parameters was
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trained with a corpus of 780 billion tokens repre-
senting a wide range of natural language use cases
(Chowdhery et al., 2022).

As a result, training these models is
computation-intensive and time-consuming, requir-
ing a lot of computing resources. However, re-
sources on a single node are limited and insufficient
to train these models (Lan et al., 2018; Guan et al.,
2020). To address this challenge, researchers have
proposed various parallelism strategies to accelerate
the process of training large-scale deep learning mod-
els. However, designing parallel strategies is not a
straightforward task, and it often requires consid-
erable expertise and trial-and-error exploration to
achieve high performance (Mo, 2018; He et al., 2023).

To relieve us from the parallelism design pro-
cedure, researchers have proposed auto-parallelism
methods (Jia et al., 2018; Cai et al., 2022; Zheng
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et al., 2022; Liu YL et al., 2023) that can find decent
strategies given a specific model and environment.
These methods model the communication costs of
different parallelism strategies and then use a search
algorithm to find the optimal strategy. However,
existing studies typically aim to minimize the com-
munication cost for a given model. Under this search
objective, the resulting parallelism strategies are of-
ten not memory-optimal.

To fill in this gap, we propose an algorithm to
search for memory-optimized operator-level paral-
lelism strategies by analyzing the memory overhead
of neural networks in distributed training. This en-
ables us to further increase the hidden layer or batch
size on hardware resources with limited memory.

Initially, we instantiate a memory analyzer, en-
abling the computation of memory overhead for any
specified strategy. Subsequently, we formalize the
problem of strategy search. To accomplish this, we
leverage an external solver specifically designed for
integer linear programming (ILP) and employ it as a
basis for arriving at the decisions, pertaining to op-
timal multi-dimensional intra-operator parallelism
strategies that minimize memory usage.

The algorithm developed in this paper offers
several vital contributions. First, it allows the identi-
fication of strategies with minimal redundant mem-
ory. Second, it involves a simplified expression of
the strategy search problem, thus making it more
concise and easy to understand. Finally, it allows
experiments to be conducted that demonstrate the
memory overhead benefits deriving from the present
research concept.

2 Background

2.1 Intra- and inter-operator parallelism

Alpa (Zheng et al., 2022) categorizes existing
parallelism methods into two orthogonal categories:
intra- and inter-operator parallelism. Intra-operator
parallelisms are parallelism schemes that partition
an operator’s involved tensors along some dimen-
sions, assign the resulting partitioned computation
to multiple devices, and let them execute differ-
ent parts of the computation simultaneously. Inter-
operator parallelism, including pipeline parallelism
(Harlap et al., 2018; Huang et al., 2019; Liu ZM
et al., 2023), partitions models into several stages

with multiple operators. This paper focuses on
generating multi-dimensional and memory-optimal
intra-operator parallelism strategies.

2.2 Intra-operator parallelism schemes

Since Hinton trained AlexNet using two graph-
ics processing units in 2012 (Krizhevsky et al., 2012),
researchers have proposed many intra-operator par-
allelism schemes, including data parallelism (DP),
model parallelism (MP) (Shazeer et al., 2018;
Shoeybi et al., 2019), and zero redundancy data par-
allelism (ZeRO-DP) (Rajbhandari et al., 2020).

2.2.1 Data parallelism

DP partitions and distributes the data across
devices with a replicated model. Each device com-
putes the gradients using the split data and uses com-
munication mechanisms such as AllReduce or Broad-
cast to synchronize the gradients or model parame-
ters with other devices, so that after every iteration
the models on all workers are the same.

2.2.2 Model parallelism

MP partitions the model parameters across de-
vices and makes devices process the same data. MP
produces partial sum or slicing results when the
parameter matrix is partitioned in a row-wise or
column-wise manner. Row-wise MP (Row-MP) re-
quires synchronization to unify the operator’s results
on different devices. For column-wise MP (Column-
MP), synchronization is performed only in backward
propagation.

2.2.3 Zero redundancy data parallelism

ZeRO-DP (Rajbhandari et al., 2020) works by
partitioning the model parameters, gradients, and
optimizer states into multiple pieces and then dis-
tributes these pieces across the nodes in the dis-
tributed system in such a way that there is no redun-
dancy in memory usage. ZeRO-DP has three stages:
in stage 1 the optimizer states are partitioned, in
stage 2 gradients are partitioned additionally, and
in stage 3 model parameters are partitioned by in-
troducing another All-Gather operation to guaran-
tee mathematical equivalence. From stage 2, ZeRO-
DP replaces the All-Reduce operation in DP with
a Reduce-Scatter on gradients and an All-Gather
operation on parameters to reduce the memory
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redundancy of gradients. Since stage 3 might in-
troduce more communication overhead which lowers
the throughput, we apply stage 2 of ZeRO-DP in this
work.

2.3 Strategy search algorithm and objective

Researchers have proposed methods to auto-
matically search for parallelism strategies. ToFu
(Wang et al., 2019), TensorOpt (Cai et al., 2022),
and Alpa (Zheng et al., 2022) generate intra-operator
parallelism strategies by minimizing the overall com-
munication cost of a computation graph under the
observation that all different strategies of an opera-
tor have the same computation cost. In the cases of
ToFu and TensorOpt, to produce better results, the
dynamic programming algorithm in OptCNN (Jia
et al., 2018) is adapted. Alpa formalizes the search
problem as an integer programming one and uses a
solver to obtain the solution. In this work, we formu-
late the intra-operator parallelism strategy in a min-
imization manner, allowing us to use an ILP solver
to assist in identifying memory-optimal strategies.

To our knowledge, unlike other automated par-
allelism methods, which aim to minimize the com-
munication cost, our approach endeavors to gener-
ate parallelism strategies with a primary objective
of memory minimization and a secondary objective
of reducing the communication volume produced by
such strategies, while achieving approximately equal
performance compared with state-of-the-art (SOTA)
methods.

3 Method design

3.1 Overview

Our approach primarily prioritizes the mini-
mization of memory redundancy as an optimization
objective. Diminishing memory redundancy enables
us to further increase the hidden layer or batch size
on hardware resources with limited memory.

To minimize memory redundancy, we propose a
method to formalize the strategy search problem into
an ILP using an auxiliary computation graph and to
solve the problem accurately using a third-party ILP
solver.

Furthermore, the constrained communication
bandwidth has emerged as a bottleneck in ampli-
fying parallel training efficiency. For DP, the impact

of communication bandwidth is manifested mainly in
parameter synchronization. In MP, training requires
parameters such as gradients frequently. Limited
communication bandwidth can result in a longer du-
ration of such data exchanges, slowing down parallel
training. Thus, to alleviate communication stress,
we treat the communication volume generated dur-
ing training as a secondary optimization objective.

Algorithm 1 provides an overview framework of
the research embodied in the present study. In Sec-
tion 3.2, we build a memory cost model to calcu-
late the memory overhead of arbitrary intra-operator
strategies. We generate candidate strategies for each
operator in the computation graph and initialize an
auxiliary computation graph. Each node in the aux-
iliary computation graph represents a node in the
original graph with a specific candidate strategy. De-
tails about the auxiliary computation graph can be

Algorithm 1 Parallelism strategy generation with
minimal memory redundancy
Require: computation graph G = (V,E) and device

graph D = (VD, ED)

Ensure: parallelism strategy P

1: GA = (VA, EA), VA ← ∅, EA ← ∅

// Generate an auxiliary graph
2: for (u,w) ∈ E do
3: UA = GenerateCandidateStrategies(u,D)

4: WA = GenerateCandidateStrategies(w,D)

5: VA = UA ∪WA ∪ VA

6: for uA ∈ UA do
7: for wA ∈WA do
8: EA = EA ∪ {(uA, wA)}
9: end for

10: end for
11: end for
12: M ← ∅, C ← ∅

// Compute redundant memory cost and communication
// volume

13: for (uA, wA) ∈ EA do
14: m(uA,wA) = ComputeMemory(uA, wA)

15: M = M ∪ {m(uA,wA)}
16: c(uA,wA) = ComputeResharding(uA, wA)

17: C = C ∪ {c(uA,wA)}
18: end for
19: for vA ∈ VA do
20: cuA = ComputeParallel(uA, wA)

21: C = C ∪ {cvA}
22: end for

// Search for the optimal strategy
23: P = PathSearch(C,M,GA)
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found in Section 3.3. Then, we apply the cost model
to the auxiliary graph, assigning redundant memory
cost to each node to form a complete graph. In Sec-
tion 3.4, we illustrate the process of calculating com-
munication costs from two perspectives by analyzing
the auxiliary computation graph and subsequently
incorporating them into the optimization objective.
Finally, we formalize the strategy search problem as
an ILP problem in Section 3.5. The strategy search
algorithm inputs the complete graph to find minimal-
memory strategies.

3.2 Redundant memory cost model

To accurately evaluate the memory cost aris-
ing from the use of different parallelism strategies,
we first build a memory cost model to calculate the
memory overhead of arbitrary intra-operator strate-
gies. The memory cost model takes an operator and
its candidate parallelism strategy as inputs and re-
turns the corresponding memory cost.

The key to building a memory cost model is un-
derstanding the redundancy of different strategies.
DP, MP, and ZeRO-DP stage 2 bring memory re-
dundancy to the training cluster. Taking matrix
multiplication (MatMul) as an example, its forward
computation is shown as Eq. (1), and its backward
computation is shown as Eqs. (2) and (3).

Y = XW, (1)

∇W = XT∇Y, (2)

∇X = ∇YWT, (3)

where X , W , and Y represent the input tensor,
weight matrix, and output tensor, respectively. ∇X ,
∇W , and ∇Y represent the gradients of X , W , and
Y , respectively.

As Fig. 1 shows, although DP partitions X and
Y along the batch size axis, it duplicates the model
weights across devices within the ZeRO-DP (stage
2) group. Suppose that the parallelism degree is N .
Then the redundancy it brings will be (n−1)size(W ),
where size(W ) means the number of elements in W .
Similarly, the redundancies of Row-MP and Column-
MP are (n − 1)size(Y ) and (n − 1)size(X), respec-
tively. Suppose that the DP, Row-MP, and Column-
MP degrees are d, r, and c, respectively. Then, the
memory redundancy that a MatMul operator brings

would be

M =
1

drc
(d(d− 1)size(W )

+ r(r − 1)size(Y ) + c(c− 1)size(X)). (4)

With these formulations, we construct memory
cost models for each operator. Using this redun-
dant memory cost model, each memory redundancy
caused by different strategies can be calculated as
the weight of edges on the auxiliary graph.

3.3 Path search problem modeling and candi-
date strategy generation

The computation graph is a graphical structure
used to describe and organize the computational op-
erations of neural network models. The nodes in
the computation graph represent operations, while
the edges represent dependencies between different
operations.

The nodes in the computation graph are
amenable to the use of various potential parallelism
strategies that can be employed for each operation.
The collection of all possible parallelism strategies
that a node can adopt is referred to as a candidate
strategy. We expand the original computation graph
to generate a new auxiliary computation graph based
on these candidate strategies.

Each node in the auxiliary computation graph
represents a parallelism strategy adopted for the
computational operations corresponding to the orig-
inal computation graph. Similar to the original com-
putation graph, the auxiliary computation graph is a
directed graph where edges represent the data flow.
The weight of an edge refers to the memory overhead
incurred by choosing a particular parallelism strat-
egy. The value of the weight is determined through
the redundant memory cost model.

Dissimilar to the case with the original calcula-
tion graph, the data flowing through the nodes are
fixed. Different paths can be chosen in the auxil-
iary calculation graph. By generating an auxiliary
calculation graph and calculating memory cost, we
model the strategy search problem as a path search
problem.

Fig. 2 shows an example: we first expand the
original computation graph G = (V,E) to form an
auxiliary computation graph GA = (VA, EA). For
node A ∈ V in Fig. 2a, since it has KA different
strategies, there will be KA auxiliary nodes in VA,
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as shown in Fig. 2b. Auxiliary node Ai ∈ VA rep-
resents the ith strategy of node A ∈ V . As seen in
Fig. 2c, the strategy search problem becomes a path
search problem in the auxiliary computation graph.
The red lines in Fig. 2c indicate that we choose the
second, first, and Kth

C strategies for nodes A, B, and
C ∈ V , respectively.

3.4 Communication overhead

Considering that communication overhead has
become the bottleneck hindering improvement in the
performance of parallel training in deep learning, to
maximize the throughput of training while generat-
ing parallel strategies with minimal memory redun-
dancy, we take the computation of communication
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volume produced by parallelism strategies as a sec-
ondary objective during strategy search.

In executing operator-level parallelism, the prin-
cipal genesis of training communication overhead
stems from the enactment of the parallel operator
in conjunction with the resharding procedure. Con-
temporary automatic parallelism methodologies typ-
ically compute the aforementioned two categories
of communication volume individually, and the ap-
proach employed to measure communication volume
is comparatively well-established.

The communication overhead brought about by
the execution of parallel strategies can correspond
to each selected node on the auxiliary graph. The
specific value of the communication volume can be
calculated based on the shape of the tensor, the par-
titioning method, and the type of operator execution.
It is denoted as Cv; here v is a node in the auxiliary
graph.

Since our method uses a combination of different
parallelism strategies, it may result in a mismatch
between the tensor distribution of the output of the
previous operator and the distribution required by
the input of the next operator. The extra commu-
nication volume brought about by resharding is de-
noted as C(i, j), where (i, j) is an edge in the auxil-
iary graph.

3.5 Strategy search algorithm

Using the methods in Sections 3.2 and 3.3,
the computational operations during model training,
candidate parallelism strategies, and the memory
overhead incurred with the use of different strategies
have been represented by an auxiliary computation
graph with costs. To generate parallelism strategies
more efficiently, we formalize the path search prob-
lem as an ILP problem:

min
∑

(i,j)∈EA

BijMij + αC(VA, EA) (5)

s.t.
∑

vA ∈ VA

XvA = 1, (6)

∑

(i,vA)∈EA

BivA = XvA · in_degree(v), (7)

∑

(vA,k)∈EA

BvAk = XvA · out_degree(v), (8)

Bij , XvA ∈ {0, 1}, ∀(i, j) ∈ EA, ∀vA ∈ VA,

where XvA and Bij are to-be-solved Boolean values
indicating the selection of vertex vA ∈ VA and edge
(i, j) ∈ EA. Mij is the memory overhead of edge
(i, j) ∈ EA. C(VA, EA) is the total communication
volume; it may be calculated as

C(VA, EA) =
∑

vA∈VA

XvACvA +
∑

(i,j)∈EA

BijCij .

α is a hyperparameter that controls the proportion of
communication volume to the objective. The larger
the value of α, the higher the proportion of com-
munication attributed to the optimization objective.
Constraint (6) informs the solver that we select only
one strategy for all v ∈ V . Constraints (7) and (8)
limit any vA ∈ VA to have the same indegree and
outdegree as their original vertex v ∈ V . To avoid
selecting multiple strategies for v ∈ V , we set the
indegree and outdegree of vA ∈ VA to zero if it is not
selected.

Formalizing the problem into ILP formulation
endows the generated parallelism strategies with the
capability to fully adhere to the current hardware
constraints, thereby ensuring the non-occurrence of
issues like memory overflow or communication con-
flicts. Moreover, unlike the case with other solution
methods, solving the ILP problem guarantees to ob-
tain the optimal solution, which helps us find the
parallelism strategy with minimal memory overhead
given the memory constraints.

Additionally, existing high-performance ILP
solvers can efficiently accelerate the process of solv-
ing integer programming problems, potentially sav-
ing time compared to using alternative methods for
strategy search.

4 Experiments

Our experimental trials were conducted using
the PyTorch (version 1.11) framework on a server
configuration consisting of eight A100 graphic pro-
cessing units (GPUs), two AMD EPYC 7282 16-core
processors, a memory capacity of 512 GB, and the
Ubuntu 20.04 operating system. CUDA (version
11.1) was employed, and the Cardinal Optimizer
(COPT) was used as an external integer program-
ming solver.

Our approach primarily uses a combination
of DP and MP. These parallelism strategies guar-
antee the accuracy of gradient calculations and



Shi et al. / Front Inform Technol Electron Eng 2025 26(1):109-118 115

parameter modifications. Consequently, parallel
training via our strategic framework is mathemat-
ically congruent with conventional training method-
ologies. In congruence with preceding research on
automated parallelism, we abstained from contrast-
ing model efficiency, directing our focus solely to-
wards memory expenditure and throughput.

4.1 Megatron-LM, Alpa, and Colossal-Auto

We employed the parallelism strategy provided
by Megatron-LM (Shoeybi et al., 2019; Narayanan
et al., 2021) as our baseline approach. Megatron-
LM is a SOTA system engineered for training
Transformer-based (Vaswani et al., 2017) language
models on GPUs. It combines data, pipeline, and
operator parallelism for enhanced performance. The
effectiveness of these techniques can be controlled
using three integer parameters that dictate the de-
gree of parallelism allocated to each technique. The
best configuration is determined by conducting a grid
search and following the guidelines outlined in Zheng
et al. (2022) and Liu YL et al. (2023). This approach
ensures sufficient utilization of the parallelism tech-
niques, resulting in superior training outcomes for
homogeneous Transformer-based language models.

We also provided a comparison with another
SOTA method, Alpa. The basic situation of Alpa
has been described above. Alpa also uses ILP solvers
to search for the intra-operator parallelism strat-
egy; the difference, however, is that Alpa’s optimiza-
tion object is to reduce communication as much as
possible.

Finally, we compared our method with Colossal-
Auto (Liu YL et al., 2023) using the Colossal-AI
(Li et al., 2023) framework, a novel deep learning
framework implemented using Python.

4.2 Evaluation

Our methodology preserves the integrity of the
synchronous gradient descent algorithm, ensuring
that the convergence of the model remains unaf-
fected. As a result, our evaluation primarily focuses
on quantifying the training memory overhead.

The experiments were conducted using a single-
layer Transformer model (Vaswani et al., 2017),
specifically an encoder layer of the Transformer, at
four different scales: BERT-Large (Devlin et al.,
2019) and 1.7B, 3.6B, and 7.5B BERT-like models

similar to the model used in Megatron-LM’s scaling
experiment (Narayanan et al., 2021). The specific
hyperparameters used for each scale are presented in
Table 1.

Table 1 Parameters of the model in the experiments

Model
name

Batch
size

Hidden
layer size

Sequence
size

Head
number

BERT-Large 2 1024 512 16

1.7B 16 2304 2048 24
3.6B 16 3072 2048 24
7.5B 16 4096 2048 32

These hyperparameters were chosen to evalu-
ate the performance and effectiveness of our method
with varying model sizes. α was set to 1.

By examining the results obtained from these
experiments, insights can be gained into the scal-
ability and capability of the system when train-
ing Transformer-based language models at different
scales.

In our experiments the memory overhead dur-
ing the runtime of single-layer Transformer models
at different batch, hidden layer, and sequence sizes
(BERT-Large, 1.7B, 3.6B, and 7.5B) was evaluated;
the parameters are shown in Table 1. To assess this
metric, we used the built-in CUDA interface routines
to record the memory overhead during runtime.

Using a dedicated ILP solver, the parallel strat-
egy generation in the environments of two, four, and
eight GPUs can be completed in 0.02, 0.05, and
0.23 s, respectively.

Table 2, Fig. 3, and Fig. 4 illustrate our com-
parative analysis of the parallelism strategy gener-
ated by our approach versus Megatron-LM’s, Alpa’s,
and Colossal-Auto’s on two, four, and eight devices.
Megatron-LM’s parallelism strategy served as the
baseline for our evaluation.

The results showed that our strategy consis-
tently reduced memory overhead compared to other
methods, while the throughput during model train-
ing was similar to those of the three other methods.

Specifically, when conducting parallel training
experiments on two devices, the memory overhead
remained lower than that of the Megatron-LM strat-
egy, with memory overhead in the worst- and best-
case scenario being 0.86 times and 0.54 times that
of the Megatron-LM strategy, respectively. When
models were trained on four devices, the memory
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Table 2 The memory overhead of our method during runtime compared to those of Megatron-LM, Alpa, and
Colossal-Auto

Model
Device
number

Memory overhead (MB) Relative∗

MLM Alpa C-Auto Ours MLM Alpa C-Auto

BERT-Large 2 216.06 148.81 331.63 185.05 0.86 1.24 0.56
1.7B 2 25 948.15 24 976.17 15 708.42 18 825.93 0.73 0.75 1.20
3.6B 2 39 620.04 37 473.76 16 136.24 27 634.30 0.70 0.74 1.71
7.5B 2 41 473.96 38 345.58 42 265.51 22 369.74 0.54 0.58 0.53

BERT-Large 4 219.22 158.90 331.64 148.70 0.68 0.94 0.45
1.7B 4 31 043.46 27 606.46 15 708.42 10 575.90 0.34 0.38 0.67
3.6B 4 41 419.42 35 070.54 16 136.24 13 568.87 0.33 0.39 0.84
7.5B 4 43 822.80 35 633.63 41 862.86 18 219.26 0.42 0.51 0.44

BERT-Large 8 199.81 177.01 335.73 128.05 0.64 0.72 0.38
1.7B 8 30 067.89 47 090.08 21 731.21 21 450.06 0.71 0.46 0.99
3.6B 8 40 104.50 57 417.39 24 169.72 26 477.73 0.66 0.46 1.10
7.5B 8 42 044.41 54 803.73 41 877.61 26 593.83 0.63 0.49 0.64

∗ Ratio of memory overhead of our method to that of other methods. MLM: Megatron-LM; C-Auto: Colossal-Auto

0.69 

0.96 0.96 0.96 

1.53 

0.61 

0.41 

1.02  

0.86 
0.73  0.70 

0.54 

0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1.6

1.8

BERT-Large 1.7B 3.6B 7.5B

M
em

or
y 

us
ag

e 
ra

tio

Megatron-LM Alpa Colossal-Auto Ours

(a)

0.72 

0.89 0.85 0.81 

1.51 

0.51 
0.39 

0.96 

0.68 

0.34 0.33 
0.4

0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1.6

1.8

BERT-Large 1.7B 3.6B 7.5B

M
em

or
y 

us
ag

e 
ra

tio

Alpa Colossal-Auto OursMegatron-LM

(b)

0.89 

1.57 
1.43 

1.30 

1.68 

0.72 
0.60 

1.00 

0.64 0.71 0.66 0.63 

0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1.6

1.8

BERT-Large 1.7B 3.6B 7.5B

M
em

or
y 

us
ag

e 
ra

tio
Alpa Colossal-Auto OursMegatron-LM

(c)

Fig. 3 Memory overhead comparison among two (a), four (b), and eight (c) devices
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Fig. 4 Throughput comparison among two (a), four (b), and eight (c) devices

overhead was consistently reduced compared to the
original strategy of Megatron-LM, with memory
overhead in the worst- and best-case scenario being
0.68 times and 0.33 times that of the Megatron-LM
strategy, respectively. When models were trained on
eight device, the memory overhead of our method
was about 66% that of Megatron-LM.

Compared with Alpa’s strategy, our method
generally had a smaller memory overhead when
training models of different sizes. When models
were trained on two devices, the memory overhead
of our method can be as low as 0.58 times that of
Alpa. When training a 1.7B model with four de-
vices, the memory overhead of our method can be



Shi et al. / Front Inform Technol Electron Eng 2025 26(1):109-118 117

as low as 0.38 times that of Alpa. When models
were trained on eight devices, the memory overhead
of our method can be as low as 0.46 times that of
Alpa. Only when BERT-Large was trained on two
devices, was memory overhead in the training 1.24
times that of Alpa. We speculated that the addi-
tional memory overhead was brought about by deep
learning frameworks when requesting memory from
the system. This was more evident when the model
size was not large.

Presumably, owing to the utilization of the
Colossal-AI framework, the Colossal-Auto approach
manifested a certain performance advantage com-
pared to alternative methods conducted on our self-
implemented code. However, its peak memory con-
sumption exhibited some inconsistency across dis-
tinct training scenarios. Nonetheless, amidst such
circumstances, our method showcased a steady ad-
vantage in reducing memory overhead.

Furthermore, we observed that the reduction in
redundant memory led to a decrease in the amount
of data that needed to be copied between devices.
Hence, in applying a parallel strategy that minimized
memory redundancy, there was a certain reduction in
communication overhead. This is one of the reasons
why our method is comparable to SOTA approaches
in terms of throughput.

As our approach generates parallel strategies
with less memory redundancy and communication
volume, the load balance of memory and computing
resources is more reasonable. Compared to the paral-
lelism strategies by Megatron-LM and Alpa, our ap-
proach significantly reduced memory overhead while
achieving similar performance. Moreover, the perfor-
mance advantage became increasingly pronounced
as the model size increased, and maximum memory
savings were achieved when four GPUs were used in
parallel.

5 Conclusions

To conclude, we present an algorithm that can
generate minimal memory redundancy parallelism
strategies. The algorithm was designed based on
minimal memory redundancy, aiming to address the
challenges of training huge models on a single com-
puting node. The effectiveness and efficiency of the
proposed algorithm have been verified through ex-
tensive experiments and analysis.

The key findings and contributions of this re-
search can be summarized as follows:

1. A novel algorithm was proposed that opti-
mizes parallelism strategies, reducing memory re-
dundancy and improving memory efficiency in large-
scale deep learning models by leveraging the extrac-
tion of the model’s computational graph and employ-
ing auxiliary graphs.

2. By conducting experiments on neural net-
works with various sizes within the Transformer
class, the proposed parallel strategy, which aims to
minimize memory redundancy as detailed in the pa-
per, achieved up to 67% reduction in memory over-
head. In contrast, the gap between the throughput
of the proposed strategy and those of SOTA methods
is not large.

There are areas, however, that require further
investigation and improvement:

1. While the method’s effectiveness has been
demonstrated on small-scale machines, the absence
of experimental results on large-scale devices limits
this study.

2. Given that the choice of traditional mem-
ory optimization methodologies in strategy formu-
lation can significantly enhance the utilization of
available memory resources, insufficient integration
with memory optimization techniques is another
limitation characterizing the research methodology
adopted in the present study.

To summarize, this research advances automatic
parallelism by introducing a novel algorithm that
demonstrates superior performance. It explores new
possibilities and provides insights for researchers
and practitioners training large models on resource-
constrained devices. The present research estab-
lishes a robust foundation for future investigations
and encourages further exploration into the paral-
lelization of training deep learning models.
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