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Abstract 

Recently, deep neural networks (DNNs) have shown great promise in many fields while their parameter sizes are rap-
idly expanding. To break through the computation and memory limitation of a single machine, pipeline model paral-
lelism is proposed for large-scale DNN training by fully utilizing the computation and storage power of the distributed 
cluster. Cloud data centers can also provide sufficient computing, storage and bandwidth resources. However, most 
existing approaches apply layer-wise partitioning, which is difficult to obtain an even model partition result because 
of the large computational overhead discrepancy between DNN layers, resulting in degraded efficiency. To tackle this 
issue, we propose “Bi-Partition”, a novel partitioning method based on bidirectional partitioning for forward propaga-
tion (FP) and backward propagation (BP), which improves the efficiency of the pipeline model parallelism system. By 
deliberated designing distinct cut positions for FP and BP of DNN training, workers in the pipeline get nearly equal 
computational loads, and the balanced pipeline fully utilizes the computing resources. Experiments on various DNN 
models and datasets validate the efficiency of our mechanism, e.g., the training efficiency achieving up to 1.9× faster 
than the state-of-the-art method PipeDream.

Keywords Pipeline model parallelism, Deep neural network, Distributed system, Cloud data center

Introduction
The last decade has witnessed an unprecedented boom-
ing of deep neural networks (DNNs) in many applica-
tions such as image recognition [1, 2], intelligent speech 
[3], and machine translation [4]. Nowadays, widely-used 
DNN models usually consist of tens to hundreds of layers 
with millions to billions of parameters. For example, in 
natural language processing, the number of parameters 
in modern DNN models has increased from 8.3 billion 

parameters (Megatron-LM [5], 2019) to 1600 billion 
parameters for Switch transformers [6] in 2021.

DNNs with large model size greatly improve the infer-
ence accuracy and generalization capability, but the 
training tasks are computation-intensive and require 
numerous data samples. With virtualization [7, 8] and 
resource scheduling technologies [9, 10], cloud data cent-
ers can manage rich computing, storage, and bandwidth 
resources in clusters. To break through the limitation of 
hardware capacity on a single machine in the cluster, data 
parallelism (DP) and model parallelism (MP) are two 
mainstream approaches to training large-scale DNNs over 
distributed workers [11–17]. In DP, training data are parti-
tioned and distributed to workers for local training. Since 
each worker must maintain a replica of the DNN model, 
memory constraint is still unsolvable for large-scale DNN 
training. In MP, the model partition algorithm splits the 
DNN model and deploys them to each device in the cloud 
data center as shown in Fig.  1. In this way, the comput-
ing and storage load of the large-scale DNN model can be 
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distributed to the cluster of the cloud data center. As illus-
trated in Fig.  2, three workers with partitions of a DNN 
model collaborating to train a complete DNN model. 
Numbers in cubes denote the training sample/batch ID, 
and blue and green cubes indicate forward propagation 
(FP) and backward propagation (BP), respectively. In tra-
ditional MP approaches, despite feasible costs in terms 
of memory for each worker, computation resources are 

underutilized because training on the successive worker 
should wait for the training results of the current worker. 
As shown in Fig.  2, the idle cubes, namely “bubbles”, 
severely degrade the efficiency of the DNN training.

To address this problem, pipeline model parallel-
ism (PMP) techniques [18–23] have been proposed to 
improve the resource utilization of MP by pipeline-
like scheduling. Most of these works are devoted to 

Fig. 1 Model parallelism (MP) in cloud

Fig. 2 An example of three workers training under traditional MP. For simplicity, the time cost of BP is twice that of FP. Basically, this 
assumption is consistent with the characteristic of wall-clock time cost for model training in realistic scenarios. The BP process of a DNN layer 
consists of two steps: calculating the error/gradient of the current layer based on the error/gradient passed from the successive layer, and 
updating the model parameters of the current layer. On the contrast, the FP process of a DNN layer only calculates the output value for the 
next layer, which is generally have the same complexity as calculating the error/gradient. Therefore, the time consumption of BP is generally 
considered to be about twice that of FP
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improving the efficiency of computational parallelism 
in the PMP system through different pipeline parallel-
ism strategy tuning.

Although significant advances have been made in PMP 
techniques, all of them suffer from the problem of uneven 
DNN model partitioning i.e., workers take different time to 
process the partitions of DNN allocated to them. It is rec-
ognized that the training efficiency of a pipeline is limited 
by the slowest worker. The traditional layer-wise partition-
ing scheme cut the DNN into several partitions consist-
ing of sequential layers. However, it is hard to partition 
the DNN to achieve perfect balance in terms of computa-
tion time because BP and FP on different layers have sig-
nificantly diverse computation overheads. To address this 
problem, this paper proposes “bi-partition”, a bidirectional 
model partitioning method that partitions the FP and BP 
of a DNN separately. Bi-partition allows diverse partitions 
on the FP and BP of a DNN layer to achieve an even parti-
tion scheme, such that BP and FP of a DNN layer may be 
separated at different workers. The layer-wise partitioning 
approach is a particular case of the bi-partition approach 
when forward and backward computations of all layers are 
not separated. Notably, fine-grained bi-partition can allo-
cate the training time on each worker evenly and improve 
the training efficiency of the pipeline system.

The main contributions of this paper can be summa-
rized as follows.

• We propose bi-partition, a novel bidirectional model 
partitioning mechanism that alleviates the uneven 
partitioning of the traditional layer-wise model parti-
tioning strategy and improves the training efficiency 
of pipeline model parallelism.

• Aiming to minimize the execution time of the pipe-
line, we formulate the problem of partitioning DNN 
model and propose an efficient algorithm based on 
dynamic programming, which can obtain the optimal 
model partition scheme in polynomial time. Moreo-
ver, we find the monotonicity of its sub-problem and 

use the bisection method to further reduce the com-
plexity of the algorithm.

• Extensive experiments are conducted on various 
DNN models and datasets. The results demonstrate 
that the training efficiency of our approach is 1.9 × 
faster than the state-of-the-art PipeDream [20].

This paper is organized as follows: Related work section 
summarizes and discusses existing methods of PMP. Sys-
tem model section describes the architecture of our pro-
posed system. Bi-partition method  section shows how 
the bi-partition strategy works on pipeline model paral-
lelism. Implementation section and Performance evalu-
ation section show the implementation details of our 
systems and validates the proposed methods on various 
DNN models and datasets.  Finally, Conclusion section 
concludes this paper with an outlook. The code has been 
open-sourced to Github1

Related work
DNNs are composed of layers of computational units. 
Each layer of the DNN records its model parameters in 
a multidimensional tensor, and the size of these model 
parameters varies with each layer of computation. When 
training a large-scale DNN, PMP partitions the DNN 
model and allocates different parts to different avail-
able workers, thus avoiding that a single machine cannot 
afford the memory overhead. Applying pipelined sched-
uling to train DNNs in parallel can greatly improve com-
putational efficiency of the system. In this following, we 
will introduce some representative PMP methods and 
discuss the key challenges in PMP.

There are two mainstream techniques of PMP to 
reduce “bubbles” in the pipeline as Fig. 3a and b show-
ing: (1) micro-batch, (2) one forward one backward 
(1F1B). Gpipe [18] is the first to introduce the micro-
batch, which splits the mini-batch into smaller equal 

Fig. 3 Two mainstream techniques of pipeline model parallelism

1 https:// github. com/ ccccc ly/ Paral lel- SGD

https://github.com/cccccly/Parallel-SGD


Page 4 of 12Cui et al. Journal of Cloud Computing           (2023) 12:22 

micro-batches and injects them into the pipeline con-
currently to reduce the “bubbles” of the distributed 
system. To further reduce the “bubbles”, Chimera [19] 
introduces bidirectional pipelines, which combine two 
pipelines in different directions. Both the pipelines 
hold a complete DNN model and apply the micro-batch 
technique. Chimera can fill the idle time of a single 
pipeline and reduce the number of “bubbles” by up to 
50% than Gpipe. Due to the limitations of the synchro-
nous updating method, the efficiency of the pipeline 
systems based on micro-batch technology still deterio-
rates because of inevitable “bubbles”. PipeDream [20] 
proposes 1F1B, which supports asynchronous updates 
to alleviate the “bubbles” problem in micro-batch-
based approaches. In the pipeline, workers under 1F1B 
scheduling perform a backward propagation immedi-
ately after a forward propagation (the two computa-
tions use different data samples/mini-batches). When 
the pipeline is absolutely balanced, 1F1B ensures the 
pipeline is free of “bubbles”.

In addition to the study of pipeline parallel strategy 
method, storage, convergence performance and practi-
cality of pipeline model parallel system are also explored. 
PipeDream-2BW [21] mainly solves the storage problem 
of PipeDream by using double buffered gradients to alle-
viate the storage overhead caused by a large number of 
gradient copies in PipeDream. It also combines the acti-
vation recomputation technique to further reduce the 
memory consumption of activation values. vPipe [24] 
dynamically adjusts the model partitioning and memory 
management during the training of neural networks, and 
fully adapts to the dynamics in training by an online algo-
rithm to find the near-optimal model partitioning when 
training dynamic neural networks and neural architecture 
search (NAS). DAPPLE [22] is a synchronous training 
framework that combines data parallelism and pipeline 
parallelism to improve computational efficiency while 
ensuring convergence. The goal of HetPipe [23] is to allow 
heterogeneous GPUs to form an architecture to collabo-
ratively train large-scale neural networks that cannot be 
trained by a single GPU. It forms several groups of hetero-
geneous GPUs, with pipelined model parallelism within 
the group to make full use of efficient link resources such 
as the Nvlink, and data parallelism between the groups to 
make full use of computational resources.

Although PMP improves the training efficiency of 
large-scale DNNs, the unbalanced computational load 
over workers still hinders the computational efficiency 
when the model segments cannot be deployed uniformly 
to each node. The layer-wise partition approach is applied 
to most of the pipelined parallelism systems, but the 
computational load of each layer in a DNN varies greatly, 

making it difficult to produce a balanced loaded model 
partition result. Our bi-partition approach separately 
partitions the FP and BP in DNN training, allowing for-
ward and backward propagation of neural network layers 
to be executed at different nodes. The separation of FP 
and BP in the computation intensive layer can alleviate 
the problem of excessive computational load on a single 
device. Eventually, the bi-partition method can improve 
the resource utilization of each node and improve the 
training efficiency of the PMP system.

System model
To fully utilize computing and memory resources, we 
implement a PMP system that uses a new partition 
method. Through the algorithm, we get a load-balanced 
model partition result, which is composed of forward 
and backward computation partition results. In the pipe-
line execution module, the load-balanced model partition 
result reduces the execution time of the slowest worker 
under the constraint of bandwidth and memory.

The architecture of our system is composed of three 
modules as Fig. 4 showing: (1) Profile Module: measuring 
the DNN model to get relevant data: computation time, 
activation size and weight size. (2) Model Bi-partition 
Module: using the relevant data and resource constraints 
to derive the optimal model partitions by the partition 
algorithm and allocate these partitions to each worker. 
(3) Pipeline Model Parallelism Module: scheduling work-
ers to train a DNN model.

Profile module
Given a target DNN model, we use a profile program to 
train it on a single worker of the cluster for a short time 
(a few minutes). The profile program measures the run-
ning DNN training to record four data for each layer l. 
(1) Tf

l  , the forward computation time of layer l (2) Tb
l  , the 

backward propagation time of layer l, (3) wl , the param-
eter size of layer l (4) al , the activation size of layer l. The 
preceding data are averaged for the batch size before 
ending the profile program.

Model bi‑partition module
This module gets the optimal model partition scheme 
by the bi-partition algorithm. The goal is to minimize 
the pipeline model parallel execution time. At the same 
time, to ensure that the final obtained model partitioning 
result is valid, we must remove the invalid partitioning 
results under the resource constraints in terms of device 
memory. Finally, workers are assigned the corresponding 
partial models representing two results of forward com-
putation partition result and backward computation par-
tition result.
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Pipeline execution module
The pipeline execution module is mainly responsible for 
the computation and communication schedule in the col-
laborative training model of each worker. According to 
the optimal partition result of the bi-partition algorithm, 
each worker is assigned a DNN model partition. The input 
layer uses the input data for forward propagation and the 
last layer uses the label data to calculate the loss, and starts 
backward propagation. Workers use the 1F1B strategy cycle 
to perform forward and backward propagation. Because 
the forward and backward computations are partitioned 
separately, there may be layers that only participate in par-
tial computations on a worker, and these layers can only be 
performed once in the forward or backward direction.

Bi‑partition method
Bi‑partition overview
Bi-partition separately partitions the FP and BP, and each 
worker gains a range of them respectively by bi-partition algo-
rithm. We consider a DNN model consisting of L layers, and 
for each layer l, FP is represented by Fl and BP by Bl . Let D be 
the set of workers, and each Di has FP partition from Fi1 to Fj1 , 

and BP partition from Bi2 to Bj2 . The FP and BP partition for 
Di means their training task in the pipeline execution module. 
Besides, there is no overlapping for the FP and BP partitions 
ranges and the two ranges for each worker both after the pre-
vious worker and before the latter worker. i.e.,

F(j−1)1
 and B(j−1)2

 represented the end of the range of FP 
and BP for previous worker Di−1 , respectively. Notations 
F(i+1)1 and B(i+1)2 represented the start of the range of FP 
and BP for the successive worker Di+1.

When i1 = i2 and j1 = j2 on all workers, the bi-partition 
approach is the same as the traditional layer-wise approach 
with identical partition. Therefore, we conclude that the 
traditional method is a special case of the bi-partition 
method. The bi-partition method can get a more balanced 
pipeline than traditional methods and thus improves the 
training efficiency of the pipeline parallelism system.

Here, we present the motivation for this work. Figures 5 
and 6 illustrate that our bi-partition method outperforms 
traditional partition with the same scheduling 1F1B. We 

(1)
F(j−1)1

< Fi1 <= Fj1 < F(i+1)1

B(j−1)2
< Bi2 <= Bj2 < B(i+1)2

Fig. 4 System architecture
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consider a DNN model that consists of four neural net-
work layers which will be assigned to three workers. The 
forward computation time of one batch of data (one sam-
ple or one mini-batch) for each layer is F = {1, 3, 2, 3} and 
the backward computation time of one batch of data is B 
= {2, 6, 4, 6}. Let D1 , D2 , and D3 denote the workers 1, 2, 
and 3, respectively. Under the traditional layer-wise parti-
tion algorithm, D1 has layers 1-2, D2 has layer 3, and D3 
has layer 4. When executing the training task, each worker 
runs all forward and backward computations for the 
owned layer. Since the 1F1B strategy keeps each batch of 
data training as a cycle during the steady phase, we can use 
the computation time of one batch of data to measure of 
the execution time of the whole pipeline. Thus, the execu-
tion time of each worker is {12, 6, 9}, respectively. Finally, 
since the execution time of the pipeline is limited by the 
slowest worker, the training time of the pipeline is 12. In 
Fig. 5, after the startup phase, the pipeline is bounded by 
the slowest worker D1 , causing resource underutilization 
on both D2 and D3 . Figure  6 illustrates the training pro-
cess under bi-partition mechanism, and all workers are 
free of idle time during the steady phase. The reason is that 
the DNN can be partitioned evenly by using bi-partition, 
where D1 has { F1 } and { B1,B2 }; D2 has { F2, F3 } and { B3 }; 
and D3 has { F4 } and { B4 } as shown in Fig. 7. The BP of layer 
2 is assigned to D1 , while its FP is assigned to D2 . The exe-
cution time on each worker can be treated as 9, because 
each worker has equal computational loads of 9. At this 
time, the pipeline reaches a state of computational balance 
and significantly improves the computational efficiency.

The above example shows the inherent shortcom-
ing of the traditional layer-wise partition strategy. 
For computationally intensive DNN layers, both the 
FP and BP bring a huge computing overhead. The 
identical layer-wise partition scheme usually can not 

orchestrate layers to achieve a consistent load among 
workers because BP cost and FP cost are related in 
each worker, limiting the training efficiency. Our bi-
partition method allows the FP and BP of these com-
putationally intensive layers to be split, thus achieving 
an even partition result and fully utilizing the compu-
tational resources in the pipeline.

Bi‑partition algorithm
Dynamic programming equations
To solve the bi-partition problem, the core idea is to find 
the dynamic programming equation that establishes the 

Fig. 5 An example of traditional layer-wise partition with 1F1B

Fig. 6 An example of bi-partition with 1F1B

Fig. 7 An example for three workers with bi-partition
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relationship between the overall optimality and the optimal-
ity of the sub-problems. Let A(i1, j1, i2, j2,m) denote execu-
tion time among m workers in the optimal pipeline across Fi1 
to Fj1 for FP and Bi2 to Bj2 for BP. Term X formulates in (3).

The optimal pipeline can be cut into two optimal sub-
pipelines by {s1, s2,m′

} . Thus, we can solve the optimiza-
tion problem using the optimal sub-problem property. 
We have:

where the first term inside the max is the execution time 
of the first optimal sub-pipeline range from Fi1 to Fs1 for 
FP and Bi2 to Bs2 for BP with m−m′ workers, the second 
term is the time taken to communicate the activation of 
as1 and the gradients of as2 over a link with bandwidth B, 
and the third term is the execution time of the second 
optimal sub-pipeline range from Fs1+1 to Fj1 for FP and 
Bs2+1 to Bj2 for BP with m′ workers.

The minimum execution time of the A(i1, j1, i2, j2,m) 
also depends on to the result of the partition performed 
by the forward ( i1 → j1 ) and backward ( i2 → j2 ) propa-
gation of the range using m workers. Therefore, the final 
goal of the algorithm is to find the minimum execution 
time of the A(1, L, 1, L, M), which also corresponds to the 
result of the optimal model partitioning scheme.

Optimality
The theoretical analysis of its optimality can be divided 
into three steps. First, we give an abstract description 
of the optimal problem. In this paper, we denote the 

(2)A i1, j1, i2, j2,m = min
i1≤s1≤j1

min
i2≤s2≤j2

min
1≤m′<m

X

(3)X = max







A
�

i1, s1, i2, s2,m−m′

�

,
(as1 + as2)/B,
A
�

s1 + 1, j1, s2 + 1, j2,m
′

�

,

minimum pipeline execution time on m machines as a 
five-tuple A(i1, j1, i2, j2,m) , which indicates the mini-
mal time of performing forward propagation over layers 
( i1 → j1 ) and backward propagation over layers ( i2 → j2 ) 
using m nodes. Second, A(i1, j1, i2, j2,m) can be parti-
tioned into two sub-problems A1(i1, s1, i2, s2,m−m′) 
and A2(s1 + 1, j1, s2 + 1, j2,m

′) by introducing a tri-
ple S(s1, s2,m′) , where s1, s2 are cut layers for for-
ward and backward propagation, respectively. Thus, 
A(i1, j1, i2, j2,m) can be derived as the maximum of 
A1(i1, s1, i2, s2,m−m′) , A2(s1 + 1, j1, s2 + 1, j2,m

′) , 
and the communication time between the two pipe-
lines represented by A1(i1, s1, i2, s2,m−m′) and 
A2(s1 + 1, j1, s2 + 1, j2,m

′) , as shown in Eq. (3). Third, 
if we guarantee the optimality of the two sub-problems 
A1(i1, s1, i2, s2,m−m′) and A2(s1 + 1, j1, s2 + 1, j2,m

′) , 
then A(i1, j1, i2, j2,m) is optimal because all tri-
ples S(s1, s2,m

′) are checked by exhaustive search-
ing, as shown in Eq. (2). Besides, the base case, i.e., any 
A(i1, j1, i2, j2, 1) is unique and optimal when m is 1. Then, 
the optimality is also guaranteed by deriving from the 
base cases to the final objective A(1, L, 1, L, M). Notably, 
at the time of each A(i1, j1, i2, j2,m) , we record the triple 
S(s1, s2,m

′) that minimizes A(i1, j1, i2, j2,m) as the opti-
mal model partitioning scheme, which can be used to 
construct the optimal partition on m nodes.

Details of the Bi‑partition algorithm
The pseudocode of the algorithm is shown as Algo-
rithm 1. Let a 5-tuple U(i1, j1, i2, j2,m) represent a train-
ing task across FP from Fi1 to Fj1 and BP from Bi2 to Bj2 
among m workers ( i1 > j1 and i2 > j2 cannot be satisfied 
at the same time). Let T(U) denote the execution time 
taken by a single worker and A(U) denote the execution 
time taken by the slowest worker among m workers in the 
optimal pipeline across range of U. P(U) records the par-
tition result corresponding to A(U), which is represented 
by a triple S(s1, s2,m′) . Mem(U) denotes the memory cost 
across the range of U. We solve this optimization prob-
lem A(U) based the results of two optimal sub-problems, 
A(U1) and A(U2) , from m = 1 to m = M.

BSA
Algorithm  2 is to find the optimal s2 . We utilize the 
monotonicity of A(U1) and A(U2) with respect to s2 . 
A(U1) is monotonically non-decreasing, and A(U2) 
is non-increasing as s2 increases, because the former 
computation increases and the latter decreases, but the 
number of computing devices remains the same. Thus, 
we can use the binary search for optimal s2 over the ini-
tial searching region [ ls2 , rs2 ]. When the binary search 
iteratively contracts the upper and lower bounds until 
it stops, the optimal s2 can be obtained between ls2 and 
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ls2 + 1 by one comparison. This binary search reduces the 
complexity from O(L) to O(log2 L).

Runtime analysis
The complexity of the number of sub-problems is com-
posed of five dimensions of A(i1, j1, i2, j2,m) . The algo-
rithm needs to start from the base case of the number of 
devices 1 ( m = 1 ). The range of forward and backward 
propagation represented by each legal (i1, i2, j1, j2) needs 
to be traversed once from the interval [1,  L]. It stops 
when the number of devices is reached M. The complex-
ity of solving each sub-problem is also that of traversing a 
pipeline consisting of all possible sub-pipelines, all legiti-
mate S(s1, s2,m′) . Therefore, the time complexity of the 
sub-problem solution should be O(L2 ∗m) before adding 
the BSA, and after adding it, the traversal of S2 is changed 
to a binary search, so the complexity ends up being 
O(L ∗ log2 L ∗m) . Finally, the complexity of the whole 
algorithm should be represented by the number of sub-
problems and the product of the complexity of individual 
sub-problems O(L5 ∗ log2 L ∗m2).

Currently, the frequently-used DNNs consist of at most 
hundreds of layers, i.e., about 10-100 layers in VGG and 
18-152 layers in ResNet. Since the partition algorithm 
only executes once, the complexity is acceptable. In our 
experiments, the running time is under 28 seconds.

Pipeline parallelism
After obtaining the partition results for each worker 
by the Bi-partition algorithm, each worker follows the 
sequence of data flow for training the DNN model. The 
FP output of the former worker will be used as input for 
the latter one, and the BP result of the latter worker will 
be used as input for the former worker. In the startup 
phase, we inject the number of workers of the batches as 
input data into the pipeline. In the steady phase, we hold 

the number of batches, and each worker achieves a full 
load when the pipeline is absolutely balanced.

Figure  3b shows a pipeline parallel with three work-
ers in 1F1B scheme. In the startup phase, we inject three 
batches into the pipeline one by one, and Di run BP 
after finishing batchem−i+1 for FP (m denotes the num-
ber of workers). For all workers, once it has completed 
its FP of batchx , the output is sent asynchronously to 
the next worker while simultaneously starting the BP of 
batchx−m+i . Due to the overlaps between computation 
and communication, it can be seen that when the pipe-
line injects three batches simultaneously, each worker of 
the pipeline has no “bubbles” after the preparation time.

In bi-partition, each worker is assigned a forward prop-
agation range and a backward propagation range. The FB 
and BP of the same layer may occur on different work-
ers. It is recognized that the activation of FP needs to 
be provided to BP to calculate the gradient and update 
the model. Besides, the FP also depends on the updated 
model of the BP. Therefore, we need to send the activa-
tion values and updated model parameters to each other 
when the FP and BP run on the different workers.

Remarks
(1) Communication and Computation Overlap: When 
we communicate the activation and model parameters 
of calculation separate layers, the next layer’s compu-
tational task runs asynchronously. Thus, the overhead 
of communication can be ignored when computation 
overlaps communication. (2) Partial Copy: To ensure the 
training convergence of 1F1B, each worker has multiple 
weight copies to overcome the staleness gradient. When 
the FP and BP of a layer are separated into two work-
ers, the FP owner only stores a copy of the latest weight 
and sends its activation to the corresponding BP owner. 
Therefore, these separated layers only cost little mem-
ory overhead to the FP owner. (3) Balanced Memory: 
In PipeDream, the former workers require more weight 
copies, leading the first worker to suffer the most seri-
ous memory burden. The storage capacity of the first 
worker bounds other workers. In bi-partition, memory 
cost in the FP owner is negligible, significantly reducing 
the former worker’s memory overhead by putting the FP 
on the former worker and BP on the latter worker. Thus, 
bi-partition makes full use of the memory capability of 
the pipeline.

Implementation
We implemented a Python library that uses nearly 10000 
LOC to manage the worker nodes, model deployment, 
and handle communication.
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Worker Management
The master node(coordinator) is responsible for man-
aging the task assignment of each worker, log system, 
and managing training and testing data and aggregating 
analysis results. After the coordinator starts running, 
each worker can access and register to the coordinator. 
The coordinator records the IP address of each worker, 
and the device status (storage capacity, computing capac-
ity, and network card bandwidth), and assigns a unique 
ID value for each worker. The log information includes 4 
levels (INFO, WARN, ERROR, DEBUG), which mainly 
records the operation status of the system during train-
ing, the size of packets sent and received by each worker, 
and the executing time.

Task Types
The training tasks assigned to each worker are divided 
into 3 categories. 1) Forward and backward: this part of 
the task is consistent with the normal worker task after 
model partitioning, sending the forward computation 
results to the next node and the backward computation 
results to the previous node. 2) Forward only: this task, 
after receiving the input data, performs the computa-
tion (this worker does not need to store the activation), 
while the task has a part of the task to update the model 
and receive the model update result of the backward pass 
to update its own model parameters for the next for-
ward pass task. 3) Backward only: the calculation task is 
similar to 2), except that when executing the backward 
pass, sending the updated model parameters also need 
to update their own model parameters simultaneously, 
while accepting the activation value of the corresponding 
layer in 2) as the input for the next backward pass.

Task Assignment
After all the workers are registered to the coordinator, 
the target DNN model is simply partitioned (within the 
storage limit of a single machine) into several workers for 
profiling. The training data is sent to the first worker with 
a few epochs, and the execution time, activation size, and 
gradient size of each layer are recorded. When starting to 
partiton the DNN network using the bi-partition algo-
rithm, the coordinator will use the current saved infor-
mation of each worker as the constraint to finally arrive 
at the optimal partition result. When implementing the 
1F1B strategy, each worker will cycle through their own 
task, blocking the data reading of the previous worker’s 
data and executing the subsequent computation tasks 
when the reception is completed. In this way, only the 
coordinator needs to continuously loop the input data 
into the first worker node to control the 1F1B paral-
lel training of the whole pipeline. It is worth noting that 
there will be some differences in the training tasks in the 

startup phase and the tasks in the steady phase, which 
need to be handled especially according to the number of 
workers currently joining the pipeline.

Communication Handel
RPC and SOCKET communication methods are pro-
vided. SOCKET communication method is more intui-
tive to understand, for each worker, it only needs to save 
the SOCKET_ADDR of the previous node and the next 
node, establish TCP connection through accept, and then 
it can transmit data in a similar way as reading and writ-
ing files, which also needs to be implemented through 
the serialization interface to ensure that the object data 
transmission process can be continued through deseriali-
zation after the rest of the computational tasks.

Performance evaluation
Experimental setup
Task and Datasets
We consider the typical DNN task, i.e., image clas-
sification. We use two datasets to train the DNN 
models. 1) MNIST, a well-known handwritten digit rec-
ognition dataset. 2) CIFAR10, a subset of the 80 million 
tiny images dataset.

Devices
We use virtual machine technology to build 7 devices for 
our experiment. Devices are homogeneous with a 1-core, 
2-thread processor, 2GB of RAM, 30GB of disk, and 
100Mbps bandwidth bridged to the physical network. 
All the devices are running 64-bit Ubuntu 20.04.1 server 
with python3.8 and TensorFlow [25]2.5.0.

Models
We use three typical DNN models in our experiments: 
1) LeNet-5 [26] with 60,000 parameters, 2) VGG16 
[27] with   130 million parameters, and 3) AlexNet [28] 
with   61 million parameters. These three classical CNN 
models have the common characteristics of almost main-
stream CNN models, and their stability has been tested 
over time, which can well represent the current CNN 
network models. The three representative network mod-
els selected in our experiment can be used to test the 
universality of the bi-partition algorithm. Because of 
the common characteristics of neural networks, both 
forward and backward propogations are required. On 
larger-scale DNN models like ResNet [29] and Trans-
former [30], our bi-partition algorithm is also effective. 
However, considering the rapid development of DNN, the 
size of DNN model parameters is also growing rapidly. It 
is not common to train large models such as GPT-3 [31] 
or Bert [32], but it is common to train DNN with poor-
performance machines. It is still of practical significance 
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to train these three representative networks using these 
devices that can not train VGG-16 by a single. Through 
some simple extensions, the bi-partition algorithm can 
also be directly extended to large-scale networks.

Training Methods
We use three different training methods to train the three 
typical DNN models, respectively. The optimizer is Adam 
(alpha=0.00003) and the training epochs of 20. The rest 
setups for hyper-parameters are as follows, 1) LeNet-
5, we use per-device batch size=64 to train on MNIST 
dataset. 2) VGG16, we use per-device batch size=128 to 
train on CIFAR10 dataset. 3) AlexNet, we use per-device 
batch size=64 to train on CIFAR10 dataset.

Evaluation
Speedup
The speedup ratio is the ratio of the time Tp taken by 
PipeDream [20] to the time Tb taken by bi-partition 
for the same number of training epochs. Therefore the 
speedup ratio of PipeDream is always 1, and the bi-par-
tition is Tp/Tb . The purpose of the first experiment is to 
compare the training efficiency of the traditional split-
by-layer (PipeDream) and our approach. Figure 8 shows 
the experimental results on three groups a), b), and c) of 
different models and datasets, respectively. Each of the 

groups uses the same experimental setup except for the 
number of devices.

In Fig.  8, the horizontal coordinate represents the 
number of devices, and the vertical coordinate shows 
the training speedup ratio. It is obvious that the train-
ing efficiency of bi-partition outperforms that of Pipe-
Dream for various DNNs and datasets. Figure 8a shows 
1.9× speedup ratio with 5 nodes. In each group, we find 
that the improvement in training efficiency becomes 
more significant as the number of devices increases. This 
is due to the fact that the bi-partition approach is more 
fine-grained than PipeDream, which causes PipeDream 
to encounter bottlenecks(the training efficiency of the 
entire pipeline is limited by the execution time of one 
layer) earlier as the number of devices increases. This 
trend indicates that the bi-partition has better system 
scalability than PipeDream.

Test Accuracy & Training Loss
The purpose of the second experiment is to investigate 
the training convergence performance of PipeDream and 
bi-partition. Figures 9 and 10 show three groups experi-
ments under different settings, as the sub-label showing.

It can be seen that bi-partition is faster than the Pipe-
Dream to finish 20 epochs tasks because of its ability to 
fully utilize the computational resources in the pipeline. 

Fig. 8 Speedup on LeNet-5, AlexNet and VGG16 compared to PipeDream

Fig. 9 Test accuracy vs. Training time on LeNet-5, AlexNet and VGG16 compared to naive-model-parallelism and PipeDream
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Moreover, due to the finer-grained partitioning of bi-
partition, some devices have only forward or backward 
computation, while some devices have only backward 
computation, which as reduces of the number of stages. 
In 1F1B schedule, the number of stages increasing the 
number of copies to be stored, which also means less 
gradient staleness. Figure  9b demonstrates this phe-
nomenon. The result of the bi-partition partition allows 
one device to only perform the backward computation, 
so there are actually only three stages instead of the four 
stages of the PipeDream. The experimental results also 
prove that Bi-partition obtains a better convergence per-
formance than PipeDream.

Conclusion
In the model partition stage of PMP, to tackle the prob-
lem of low computational efficiency of large scale DNN 
training caused by uneven model partition, we propose a 
new bi-partition method that considering the differences 
of computational pattern between FP and BP. The core 
idea is to separately partition the DNN model for the FP 
and BP. Based on dynamic programming, we design an 
efficient algorithm to find the optimal model partition 
result for minimizing the pipeline parallelism training 
time. Meanwhile, the proposed method greatly improves 
the resource utilization for DNN training in the cloud. 
In our experiment, compared to state-of-the-art Pipe-
Dream, the training efficiency of bi-partition is up to 1.9× 
faster on various typical DNN models and the number of 
devices.

Meanwhile, our proposed model partitioning algo-
rithm is not only applicable to the popular DNN archi-
tecture like convolutional neural networks (CNN), but 
also applicable to recurrent neural network (RNN) and 
Transformer architecture by making slight modifica-
tions. As for other networks like RNN and Transformer, 
the training processes including BP and FP are similar 

to CNN. However, since the computational complexity 
per layer in RNN or per block in Transformer is simi-
lar, it is important to consider the scenarios where the 
computational power and communication bandwidth of 
the devices are heterogenous. These scenarios make the 
problem more complicated and will be considered in our 
future work.
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