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ABSTRACT
Distributed deep neural networks (DNN) training systems deployed
across workers have been widely used in various domains, while
the communication overhead among workers for synchronizing
gradient tensors often becomes the performance bottleneck. To
optimize communication efficiency, state-of-the-art studies often
apply both two techniques: i) gradient sparsification compression,
which truncates the gradient to its largest elements to reduce the
communication traffic, and ii) tensor fusion, which merges multiple
gradient tensors within a fusion buffer to transmit them together
to reduce the communication startup overhead. However, we find
that existing studies often apply gradient sparsification after ten-
sor fusion (we call sparsification-behind tensor fusion), which leads
to a fact that a lot of fused gradient tensors are missed after the
sparsification, thus impairing the convergence performance.

In this paper, we propose a new tensor fusion mechanism for
high-performance distributedDNN training, called SAFusion, which
performs sparsification on each of gradient tensors before merging
them during tensor fusion, instead of sparsification-behind tensor
fusion, so as to avoid gradient tensor missing and thus improve
the convergence performance. Further, we find that SAFusion will
face two limitations: the long synchronization waiting time across
different workers and many waiting periods within each worker
during tensor fusion, so we propose two efficient (inter-worker
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and intra-worker) tensor fusion schemes to address the two lim-
itations. We prototype SAFusion, and experiments on local and
cloud clusters show that SAFusion improves the training through-
put by 49.71%-144.42% over training without tensor fusion, and by
18.96%-60.89% over state-of-the-art tensor fusion schemes, while
maintaining approximately the same convergence performance as
the non-compression baseline.
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1 INTRODUCTION
State-of-the-art deep neural network (DNN) models have been
largely used in AI applications [11, 14, 40, 56], with a rapid growth
in the number of model parameters and training datasets. For exam-
ple, in natural language processing, BERT-large [14] has 340 million
parameters, and GPT-3 [11] has 175 billion parameters. Since train-
ing for these tasks with a single GPU typically takes days or even
weeks, high-performance DNN training systems are commonly de-
ployed across distributed GPUs to accelerate the training process of
large DNNmodels [10, 25, 30, 42, 47]. In a typical setting, multi-GPU
training jobs process different data samples, and each GPU node (or
worker) has a subset of the input data (called mini-batch). For each
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training iteration, each worker first computes the gradients based
on its mini-batch and exchanges them through synchronization
strategies [19, 25] (i.e., Parameter Server or Ring-AllReduce), before
updating their parameters at the end of the iteration.

Despite being widely used, distributed DNN training systems
have to face a performance problem: frequent and heavy gradi-
ent synchronization among all training workers in each iteration
makes the gradient communication time often take up a significant
portion of the overall training time (as high as 90%) [10, 14, 56],
which becomes the main performance bottleneck [10, 57]. Gradi-
ent sparsification is one of the major compression algorithms to
alleviate the communication bottleneck by selecting a subset of
the gradient tensor for reducing gradient communication traffic
[17, 29, 31, 34, 37, 45, 48, 53, 57], which has been adopted by the
industry, e.g., Uber, ByteDance, and Microsoft [1–3].

Besides gradient sparsification, tensor fusion is another com-
munication optimization technique and has been applied in both
academics [25, 32, 33, 47, 49, 51, 67, 68] and industry (e.g., PyTorch-
DDP [30], Horovod [47], DeepSpeed [2], and BytePS [1]). The ten-
sor fusion technique merges multiple gradient tensors into a buffer
(called fusion buffer) before performing gradient synchronization to
reduce the communication startup overhead. Recently, state-of-the-
art studies have begun to combine the above two techniques (i.e.,
tensor fusion and sparsification compression) in high-performance
distributed DNN training systems [29, 51, 58, 67], so as to embrace
both of their advantages in terms of communication efficiency.

However, we first find that the above existing works often per-
form an overall gradient sparsification compression after tensor
fusion by default (see §2.3), which we call sparsification-behind ten-
sor fusion, and then we observe a fact that sparsification-behind
tensor fusion will miss many gradient tensors and thus impair the
convergence performance significantly (see §2.4). Fortunately, we
also observe that if we just perform gradient sparsification before
tensor fusion (see §2.4), then no gradient tensor missing occurs and
the convergence performance can be maintained. This motivates
our main idea of performing tensor fusion with sparsification ahead,
called sparsification-ahead tensor fusion.

In this paper, we propose SAFusion based on the above main idea,
which performs sparsification ahead of tensor fusion, so as to avoid
gradient tensor missing for high-performance distributed DNN
training. Further, we find that SAFusion gives rise to two limitations,
including the long synchronization waiting time among different
workers and numerous waiting periods within each worker during
tensor fusion. Correspondingly, we propose two efficient (inter-
worker and intra-worker) tensor fusion schemes to enhance the
performance of SAFusion. Our contributions include:
• We conduct measurement analysis that first shows the challenge
of existing schemes based on sparsification-behind tensor fusion,
and motivates our main idea of sparsification-ahead tensor fu-
sion. We propose SAFusion which performs sparsification before
tensor fusion to address the above challenge (§2).

• We design the architecture of SAFusion that performs sparsi-
fication before tensor fusion. Atop SAFusion, we propose an
inter-worker gradient-aligned fusion scheme that avoids long
gradient synchronization waiting time across all workers, and an
intra-worker adaptive fusion buffer sizing scheme that reduces
multiple waiting periods within each worker (§3).

• We implement a distributed DNN training framework with SA-
Fusion and state-of-the-art tensor fusion schemes (OkTopk [29],
OMGS [51], and Cupcake [58]). We also integrate some state-of-
the-art sparsification compression algorithms to support differ-
ent sparsification compression schemes (§4). SAFusion is open-
sourced at https://github.com/YuchongHu/SAFusion.

• We perform both local and cloud cluster experiments with seven
popular DNN models. Experimental results show that compared
to training without tensor fusion and state-of-the-art tensor fu-
sion schemes, SAFusion increases the training throughput by
49.71%-144.42% and 18.96%-60.89%, respectively, while maintain-
ing almost the same convergence performance as the baseline
without sparsification compression (§5).

2 BACKGROUND AND MOTIVATION
2.1 DNN Training Systems
Basic. A DNN model contains multiple neural network layers, each
with many model parameters. To reach the model convergence (i.e.,
the model training process reaches a stable state), DNN training
iterates over a dataset many times (i.e., epochs), each of which con-
tains multiple iterations. In each iteration, the model runs forward
and backward propagation to generate a gradient for each layer so
as to update the model parameters. Note that a gradient is often rep-
resented in the form of a tensor, so the gradient tensor specifically
refers to the tensor-valued representation of the gradient.
Distributed DNN training systems. Distributed DNN training
systems are deployed across multiple GPUs (or workers) to accel-
erate the training process of large DNN models, often in a data-
parallel way [10, 37, 57]. Specifically, the dataset is split into mini-
batches and then assigned to different workers in each iteration.
Each worker processes a mini-batch of training data from its own
partition, independently performing forward and backward propa-
gation to generate gradient of each layer. Each worker’s gradient
is communicated with the other workers using a synchronous col-
lective operation, such as all-reduce [6] or all-gather to update the
model’s parameters.

2.2 Communication Performance Bottlenecks
Gradient communication is usually composed of transmission and
startup overhead [50, 58] (i.e., the gray and green parts in Figure
1(a)), so the performance bottleneck is mainly caused by huge trans-
mission traffic and frequent communication startups.
Huge transmission traffic.Modern deep learning models scale
rapidly frommillions to billions of parameters [11, 14], whichmakes
a huge transmission traffic between workers during gradient syn-
chronization. Consequently, the huge transmission traffic causes
the transmission time to take up a large portion (as high as 90%
[10, 39, 46, 57, 58, 61]) of the overall training time, making the trans-
mission be one of the major performance bottlenecks of distributed
DNN training systems [10, 57].
Frequent communication startups.Another performance bottle-
neck in distributed training systems is a number of communication
startup overhead caused by the traditional gradient synchronization
[51]. Specifically, the traditional gradient synchronization scheme
often leverages wait-free backpropagation (WFBP) [9, 47, 66] that
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(a) WFBP

(b) WFBP with tensor fusion

(c) WFBP with sparsification-behind tensor fusion

Figure 1: Three examples of distributed DNN training with four
tensors for gradient synchronization.

can make backward propagation overlapped with the gradient com-
munication by exploiting the layer-wise structure of DNN models.
As shown in Figure 1(a), the backpropagation time of four layers
(i.e., 𝐵4, 𝐵3, 𝐵2 and 𝐵1) can be overlapped with the transmission and
startup time of the four layers (i.e., 𝑇4,𝑇3,𝑇2,𝑇1 and 𝑆). However, in
many DNN models, there exist a large number of small layers that
lead to frequent communication startups, thus incurring significant
communication startup overhead [24, 49–51, 58].

2.3 Communication Optimization Techniques
To address the above communication performance bottlenecks in
distributed training systems, two major communication optimiza-
tion techniques have been proposed as follows.
Gradient sparsification compression. To reduce the transmis-
sion traffic in distributed DNN training systems, gradient sparsifi-
cation compression is a key approach to leverage the sparsity of
the gradient tensor by only selecting a subset of its all elements
(in terms of their absolute values) for gradient communication
[7, 18, 31, 43, 45, 48, 52, 55, 60, 62, 69], while maintaining almost
the same convergence accuracy [8, 53, 59]. The sparsification com-
pression approach has been widely adopted by the industry, e.g.,
Uber, ByteDance and Microsoft [1–3, 10, 57]. However, the spar-
sification method often incurs significant computation overhead
due to its additional compression, so many state-of-the-art studies
[17, 29, 31, 34, 45, 48] have focused on the threshold-based sparsifica-
tion, which only transmits each gradient’s elements that are greater
than a given threshold and is very GPU-friendly with a time com-
plexity of only O(N ) [29, 45]. In this paper, we use threshold-based
sparsification as the compression baseline.
Tensor fusion. To alleviate the impact of the frequent communi-
cation startups, tensor fusion, a typical communication scheduling
technique, has been widely studied [23, 44, 47, 50, 51, 58]. It merges
multiple gradient tensors into a buffer (called fusion buffer), such
that they can perform gradient synchronization together (instead of
individually) to have only one startup (instead of multiple startups),
thus reducing the communication startup overhead. In practice,

Figure 2: Example of the traditional sparsification-behind tensor
fusion (density = 25%). Note that some fused gradient tensors (e.g.,
𝐺3 and𝐺4) are missing after sparsification.

tensor fusion is a promising technique that has been widely used
in mainstream distributed DNN training systems such as PyTorch-
DDP [30], Horovod [47], DeepSpeed [42], and BytePS [1]. Note that
we define the process where some gradient tensors are merged into
the fusion buffer as the fusion phase.

As shown in Figure 1(b), every two gradient tensors (e.g., 𝐺4
and𝐺3;𝐺2 and𝐺1) are merged into the fusion buffer (e.g., 𝐵𝑢𝑓 𝑓 𝑒𝑟1
for 𝐺4 and 𝐺3, and 𝐵𝑢𝑓 𝑓 𝑒𝑟2 for 𝐺2 and 𝐺1) after the backward
propagation and then the buffer’s tensors are transmitted together
(e.g., transmission time𝑇1 for 𝐵𝑢𝑓 𝑓 𝑒𝑟1 and transmission time𝑇2 for
𝐵𝑢𝑓 𝑓 𝑒𝑟2). Note that compared with Figure 1(a), the communication
time is reduced due to tensor fusion in Figure 1(b).
Combining tensor fusion with sparsification. To further im-
prove the communication efficiency, recent state-of-the-art studies
(e.g., OkTopk [29], OMGS [51], and Cupcake [58]) focus on combin-
ing tensor fusion and gradient sparsification compression, which
first performs tensor fusion that merges multiple gradient ten-
sors and then performs sparsification compression that compresses
all the fused gradient tensors in the fusion buffer, which we call
sparsification-behind tensor fusion. As shown in Figure 1(c), the gra-
dient tensors𝐺4 and𝐺3 that are ready in the backward propagation
are first merged to the fusion buffer 𝐵𝑢𝑓 𝑓 𝑒𝑟1 and then are sparsified
overall, whose transmission time 𝑇1 is less than that in Figure 1(b).
Similarly,𝑇2 in Figure 1(c) is also less than that in Figure 1(b). Thus,
compared with Figure 1(b), the transmission time is further reduced
in Figure 1(c). In this paper, we will give the challenge of the above
sparsification-behind tensor fusion (see §2.4).

2.4 Challenge and Motivation
We conduct measurement analysis to give two observations that
show: i) the challenge of existing sparsification-behind tensor fusion
schemes and ii) the motivation of our proposed sparsification-ahead
tensor fusion.
Measurement setting. We evaluate four typical training tasks
(specified in §5.1) on a local cluster with 8 NVIDIA V100 GPUs
connected by a 100Gbps InfiniBand, including ResNet-152 [21] and
VGG-19 [54] on Cifar-100 [27], and BERT-base [14] on SQuAD
[41]. The performance metrics are expressed as: Top-1 accuracy
on ResNet-152 and VGG-19, and F1 score on BERT-base. We use
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(a) ResNet-152 [21] on Cifar-100 [27]
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(b) BERT-base [14] on SQuAD [41]

Figure 3: The tensor missing rate and convergence accuracy for two
training tasks with different fusion degree.

DGC [31] as the sparsification compression approach with density
= 0.01, while Baseline indicates the non-compression scheme.
Observation #1 (Challenge): Sparsification-behind tensor fu-
sion causes gradient tensor missing, which leads to a low
convergence accuracy. First, we find that gradient tensors are
often missing atop sparsification-behind tensor fusion. Specifically,
we analyze the process of Figure 1(c) in details, as shown in Figure
2, the DNN model includes four gradient tensors (from 𝐺4 to 𝐺1)
with a total of sixteen elements, each of which has four elements (to
describe the gradient tensor easily, we only take the absolute values
of all elements). If we perform sparsification behind tensor fusion,
𝐺4 and 𝐺3 are first merged into 𝐵𝑢𝑓 𝑓 𝑒𝑟1, 𝐺2 and 𝐺1 are merged
into 𝐵𝑢𝑓 𝑓 𝑒𝑟2, and then we perform sparsification (where we select
gradient elements with 𝑣𝑎𝑙𝑢𝑒 ≥ 0.8 and 𝑣𝑎𝑙𝑢𝑒 ≥ 0.5, respectively.)
on two fused tensors in 𝐵𝑢𝑓 𝑓 𝑒𝑟1 and 𝐵𝑢𝑓 𝑓 𝑒𝑟2, individually. Clearly,
for 𝐵𝑢𝑓 𝑓 𝑒𝑟1, the sparsified elements (𝐺4) are only concentrated in
𝐺4, no elements of𝐺3 are selected; similarly, for 𝐵𝑢𝑓 𝑓 𝑒𝑟2, the spar-
sified elements (𝐺2) are only concentrated in𝐺2, no elements of𝐺1
are selected. Thus, the two tensors 𝐺3 and 𝐺1 are actually missing.

To verify the above finding, we give the first observation based
on our measurement setting. To show different extent of tensor
fusion, we give a new definition "fusion degree" where 𝑓 𝑢𝑠𝑖𝑜𝑛
𝑑𝑒𝑔𝑟𝑒𝑒 = 100% means all the tensors are fused together in a single
buffer and 𝑓 𝑢𝑠𝑖𝑜𝑛 𝑑𝑒𝑔𝑟𝑒𝑒 = 0% means no tensors are fused by
putting every tensor into an individual buffer. Figure 3 shows that
when 𝑓 𝑢𝑠𝑖𝑜𝑛 𝑑𝑒𝑔𝑟𝑒𝑒 = 0%, no tensor is missing; as the fusion degree
increases (tensors continue to be fused), the number of missing
tensors is increasing significantly, and when 𝑓 𝑢𝑠𝑖𝑜𝑛 𝑑𝑒𝑔𝑟𝑒𝑒 = 100%,
there are almost 75% of the tensors are missing (or we say the tensor
missing rate = 75%).

Figure 3 also shows the impact of the tensor missing rate on the
convergence performance. We define the tensor missing rate of the
model as the number of missing tensors caused by sparsification-
behind tensor fusion divided by the total number of all gradient ten-
sors of the model. For example, Figure 3(a) shows that, for ResNet-
152 on Cifar-100, when the fusion degree from 0% to 100%, the
tensor missing rate ranges from 0% to 75%, and the Top-1 accuracy
ranges from 0.72 to 0.56. Similarly, Figure 3(b) shows that, for BERT-
base on SQuAD, when the fusion degree ranges from 0% to 100%,
the tensor missing rate ranges from 0% to 81%, and the F1 score
ranges from 0.84 to 0.61. Observation #1 implies that tensor missing
after compression will lead to a degradation of the convergence
performance, as confirmed in existing studies [16, 28, 56].
Observation #2 (Motivation): Tensor fusion with sparsifica-
tion ahead can avoid gradient tensor missing. Observation
#1 indicates that sparsification-behind tensor fusion causes tensor
missing and convergence performance degradation. It’s natural to
ask what if we can perform sparsification before merging them
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Figure 4: Comparison between sparsification-behind (traditional)
tensor fusion and sparsification-ahead tensor fusion in terms of
baseline-based normalized convergence performance.

during tensor fusion (called tensor fusion with sparsification ahead),
instead of sparsification-behind tensor fusion?

Therefore, we compare the normalized convergence accuracy
between tensor fusion with sparsification behind and tensor fusion
with sparsification ahead as shown in Figure 4. We follow the lit-
erature [50, 51, 58] for setting the fusion buffers. We consider the
non-compression baseline as the normalized convergence accuracy
(i.e., its value is 1). We can see that for ResNet-152, VGG-19, and
BERT-base, the convergence accuracy of the tensor fusion with
sparsification ahead is 19.4%, 26.8%, and 17.6% higher than that of
the tensor fusion with sparsification behind, respectively, and is
very close to that of the non-compression baseline.
Analysis.We think that the reason why sparsification-ahead tensor
fusion outperforms sparsification-behind tensor fusion is that the
latter misses multiple tensors (as stated in Observation #1), while
the former only misses some elements of tensors instead of tensors.

Specifically, since the distributions of the different gradient ten-
sors are very different, some gradients have larger magnitudes
(absolute values of the elements) and other gradients have smaller
magnitudes [20, 48, 69]. As shown in Figure 2, the gradient ten-
sors 𝐺4 and 𝐺2 have larger magnitudes, while 𝐺3 and 𝐺1 have
smaller magnitudes. Thus, the gradient elements selected by the
sparsification-behind tensor fusion scheme tend to be concentrated
in the gradient tensors with larger magnitudes (𝐺4 and 𝐺2), while
the gradient elements of the tensors with smaller magnitudes (𝐺3
and 𝐺1) are not selected, leading to tensor missing.

On the contrary, the sparsification-ahead tensor fusion scheme
applies sparsification independently to each tensor before merging.
This ensures that elements are selected from both large- and small-
magnitude tensors (without elements selected in sparsification-
behind tensor fusion). As shown in Figure 5, the gradients 𝐺4, 𝐺3,
𝐺2, and 𝐺1 are sparsified individually before merging, and each
gradient retains at least one element, thus avoiding tensor missing.
Main idea:Observation #2 motivates us to recombine tensor fusion
with gradient sparsification compression to improve the conver-
gence performance. Therefore, we propose SAFusion, a sparsification
ahead tensor fusion mechanism, whose main idea is to perform
gradient sparsification on each gradient before tensor fusion, in-
stead of the existing mechanism that performs an overall gradient
sparsification for the entire fused gradients after tensor fusion.

While SAFusion can help address the challenge of degraded
convergence performance, how to design SAFusion in details for
high communication performance still remains unexplored, which
will be specified in §3.
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Table 1: Frequently used variables and notations

Notation Description

𝐾 The number of workers in the cluster.
𝑇 The number of iterations for the entire training.
𝐿 The number of all layer gradients of the DNN model.
𝑀 The number of fusion phases (or fusion buffers) within one iteration.
𝐺𝑙 The sparsified gradient of 𝑙-th DNN layer.
𝑁𝑖 The number of merged layer gradients in 𝑖-th buffer.

𝑇𝑏 Backward computation time of all layer gradients.
𝑇 𝑖
𝑏

Backward computation time of merged layer gradients in 𝑖-th buffer.
𝑇 𝑙
𝑐𝑚 Communication time of 𝑙-th layer gradient.
𝑇 𝑖
𝑐𝑚 Communication time of sparsified gradients in 𝑖-buffer.
𝑇 𝑙
𝑐𝑝 Compression time of 𝑙-th layer gradient.
𝑇 𝑖
𝑐𝑝 Compression time of sparsified gradients in 𝑖-th buffer.

3 SAFUSION DESIGN
In this section, we design SAFusion based on the main idea in §2.4
with the design goals as follows:

• Improving convergence performance: SAFusion avoids gra-
dient tensor missing via a sparsification-ahead tensor fusion
mechanism to improve the convergence performance (§3.1).

• Reducing inter-worker synchronization waiting: SAFusion
aligns the number of sparsified gradients among fusion buffers
of different workers to reduce the long inter-worker gradient
synchronization waiting (§3.2).

• Improving intra-worker pipeline efficiency: SAFusion ad-
justs each worker’s fusion buffer size according to the historical
record of the fusion buffer to improve the intra-worker training
pipeline efficiency (§3.3).

3.1 Sparsification-Ahead Tensor Fusion
Based on the main idea in §2.4, our sparsification-ahead tensor
fusion mechanism is composed of the following three steps. We first
perform the threshold-based gradient sparsification compression
(Step-1), then merge sparsified gradients into the fixed-size fusion
buffer (Step-2), and finally pull fused gradients for synchronization
(Step-3). Note that for ease of presentation, we list the frequently
used variables and notation throughout this paper in Table 1. We
specify the above three steps as follows.
Step-1: Compressing gradients via threshold-based sparsifi-
cation. To realize sparsification-ahead tensor fusion for different
workers, SAFusion i) first flattens the 𝑙-th layer’s gradient tensor
𝐺𝑙 (1 ≤ 𝑙 ≤ 𝐿) as a one-dimensional vector; ii) then compresses
𝐺𝑙 by selecting its elements whose absolute values are larger than
a defined threshold 𝜏 , i.e., |𝐺𝑙 | ≥ 𝜏 , where the threshold-based
sparsification is state-of-the-art (see §2.3); iii) finally obtains the
sparsified gradient tensor 𝐺̃ =

[
𝐺1,𝐺2, ...,𝐺𝐿

]
. This means that

some elements of each tensor are selected for tensor fusion instead
of missing the entire gradient tensor. For example, Figure 5 shows
that the gradient tensors 𝐺1, 𝐺2, 𝐺3, and 𝐺4 are first compressed
by sparsification into 𝐺1, 𝐺2, 𝐺3, and 𝐺4 (where SAFusion selects
the gradient elements in 𝐺1, 𝐺2, 𝐺3, and 𝐺4 with 𝑣𝑎𝑙𝑢𝑒 ≥ 0.9,
𝑣𝑎𝑙𝑢𝑒 ≥ 0.6, 𝑣𝑎𝑙𝑢𝑒 ≥ 0.6, and 𝑣𝑎𝑙𝑢𝑒 ≥ 0.4, respectively).
Step-2: Merging multiple sparsified gradients into the fusion
buffer. After sparsification, SAFusion merges the sparsified gradi-
ent tensors into the fusion buffer. Specifically, SAFusion first adds

Figure 5: SAFusionmerges multiple sparsified gradient tensors into
the fusion buffer for gradient synchronization (density = 25%).

a new fusion status for each sparsified gradient to the DNN model
parameters, and this status is initially set to 0 to show that each
sparsified gradient has not been merged, and then set to 1 when it
has been merged. Then, SAFusion sequentially obtains the ready
sparsified gradient 𝐺𝑙 . If the merge status of 𝐺𝑙 is 0, SAFusion
merges𝐺𝑙 into the 𝑖-th fusion Buffer𝑖 (1 ≤ 𝑖 ≤ 𝑀), while setting its
status to 1 to indicate that they have been merged. Finally, SAFusion
performs the ALLGATHER operation on Buffer𝑖 , while starting the
new sparsification-ahead tensor fusion in the (𝑖+1)-th fusion phase.
Figure 5 shows the sparsified tensors 𝐺1 and 𝐺2 are merged into
𝐵𝑢𝑓 𝑓 𝑒𝑟1, 𝐺3 and 𝐺4 are merged into 𝐵𝑢𝑓 𝑓 𝑒𝑟2.
Step-3: Synchronizing the gradient tensors in the fusion buffer.
After completing the buffer-based transmission, SAFusion needs
to pull all sparsified gradients from the fusion buffer for gradi-
ent synchronization. Specifically, each worker gets the sparsified
gradients from other workers and the basic buffer information
(such as sparsified gradient length, shape, indices, values, etc) from
other workers. First, SAFusion splits the fusion buffer into multiple
independent sparsified gradients based on the lengths of all the
sparsified gradients in the fusion buffer. Then, SAFusion decom-
presses the sparsified gradients in the fusion buffer to the original
gradient size and shapes according to the indices and values of
the sparsification compression. Finally, every worker obtains an
aggregate and averaging of decompressed gradient on all workers
to achieve synchronization, typically𝐺𝑙 = 1

𝐾

∑𝐾
𝑘=1𝐺

𝑘
𝑙
, where𝐺𝑘

𝑙
is

the gradient of the 𝑙-th layer of the 𝑘-th worker. For example, Figure
5 shows that all the sparsified gradient tensors in two fusion buffer
are synchronized with the other workers, and then aggregated and
averaged for updating parameters.

3.2 Aligned Inter-Worker Gradient Fusion
Limitation of SAFusion: Long inter-worker gradient synchro-
nization waiting. We find that there exist performance limitation
of SAFusion when it comes to tensor fusion cross workers (called
inter-worker fusion). To analyze the limitation, we break down SAFu-
sion’s inter-worker fusion and gradient synchronization processes.
As shown in Figure 6, we define the runtime in which the sparsi-
fied gradients are merged into the fusion buffer during backward
propagation as the tensor fusion phase, and the sparsified gradient
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Figure 6: SAFusionmay have long synchronization waiting. Note that
the gradient 𝐺4 of Worker-1 has to wait for fusion phase 2 before
performing synchronization.

transmission and synchronization runtime as the communication
phase. We have two observations in Figure 6 as follows:
• Fixed-size inter-worker buffer. As with existing sparsification-
behind tensor fusion schemes [44, 47, 51, 58], SAFusion sets the
size of all workers’ buffers at the same fusion phase (called inter-
worker buffer) to be the same for different workers by default in
the same fusion phase; that is, the inter-worker buffers are of
fixed size. Figure 6 shows SAFusion has fixed inter-worker buffer
size (e.g., Worker-1’s 𝐵𝑢𝑓 𝑓 𝑒𝑟1

1 size = Worker-2’s 𝐵𝑢𝑓 𝑓 𝑒𝑟2
1 size,

where 𝐵𝑢𝑓 𝑓 𝑒𝑟𝑘
𝑖
is the 𝑖-th fusion buffer of the 𝑘-th worker) in

the same fusion phase.
• Varied-size sparsified gradients of different workers. As stated in
§3.1, SAFusion adopts threshold-based sparsification schemes,
but the threshold is often estimated by sampling [29, 31, 34, 45, 64]
and thus different workers may have thresholds of different size,
such that the selected sparsified gradient (larger than the esti-
mated threshold) across workers are also varied-size. Figure 6
shows the compressed gradients 𝐺1,𝐺2 and 𝐺3 in 𝐵𝑢𝑓 𝑓 𝑒𝑟1

1 are
larger than the sparsified gradients 𝐺1,𝐺2 and 𝐺3 in 𝐵𝑢𝑓 𝑓 𝑒𝑟2

1 at
the fusion phase 1 when using threshold-based sparsification.
Based on the above two observations, we see that SAFusion’s

fixed-size inter-worker buffer is inconsistent with its inter-workers
varied-size sparsified gradients, which causes different workers
to have different numbers of sparsified gradients at the same fu-
sion phase, thus some gradients may have to wait a long time for
synchronization. As shown in Figure 6, although the two inter-
worker buffers 𝐵𝑢𝑓 𝑓 𝑒𝑟1

1 and 𝐵𝑢𝑓 𝑓 𝑒𝑟2
1 are fixed-size, the former

has three sparsified gradients 𝐺1, 𝐺2, and 𝐺3 while the latter has
four sparsified gradients 𝐺1, 𝐺2, 𝐺3, and 𝐺4, since the former has
larger sparsified gradients while the latter has smaller ones due
to their different estimated thresholds. In this case, the gradient
𝐺4 of Worker-1 only arrives in 𝐵𝑢𝑓 𝑓 𝑒𝑟1

2 during the fusion phase 2,
causing 𝐺4 of Worker-2 to have to wait for the next fusion phase
to complete its synchronization.

To show the seriousness of long inter-worker synchronization
waiting caused by SAFusion, we break down the training time on
ResNet-152 with four sparsification algorithms (Gaussiank [48],
DGC [31], Redsync [17], and SIDCo [34]) into three parts using
Horovod’s Timeline [4, 22] command in Figure 7. We set a uniform
compression rate (i.e., density=0.01), and use Horovod’s default
fixed buffer size [47]. Here, the tensor fusion time and synchro-
nization waiting time indicate the time taken to copy sparsified
gradient into and out of the fixed-size buffer, respectively, called

Gaussiank DGC Redsync SIDCo0.0

0.5

1.0

Ti
m

e 
(m

s)

1e4

AllGather Operation Time
Synchronization Waiting Time
Tensor Fusion Time

Figure 7: The breakdown of the training time in SAFusion with fixed
buffer size under different sparsification algorithms [4].

Figure 8: Example of aligned inter-worker tensor fusion.

MEMCPY_IN_FUSION_BUFFER and MEMCPY_OUT_FUSION_BUFFER in
Timeline. The allgather operation time indicates the time taken
to do the actual gradient tensor operation on GPU using NCCL
or MPI, called ALLREDUCE_OR_ALLGATHER in Timeline. We can see
that the training time for all four methods is mainly concentrated
in the synchronization waiting for the sparsified gradients out the
fixed-size buffer, and the proportion even exceeds 80%.
Design idea: To address the above performance limitation that
rises due to different number of sparsified gradients of inter-worker
fusion buffers during the same fusion phase, we align the same
number of variable-size sparsified gradient tensors of the inter-
worker buffers during the same fusion phase.
Design details: Specifically, we first define 𝐵𝑢𝑓 𝑓 𝑒𝑟𝑘

𝑖
as the 𝑖-th

fusion buffer of the 𝑘-th worker, where 1 ≤ 𝑖 ≤ 𝑀 and 1 ≤ 𝑘 ≤
𝐾 . Then, we generate inter-worker fusion buffers by aligning the
number of variable-size sparsified gradients as follows.
Step-1: SAFusion aligns the number of gradients of each fusion
buffer as ⌈𝐿/𝑀⌉, meaning that the number of gradients in the 𝑖-th
fusion 𝑁𝑖 = ⌈𝐿/𝑀⌉.
Step-2: SAFusion traverses the named_parameters of the DNN
model in reverse to obtain information on the model’s original
gradients, including the name, length, shape, buffer number, and
merge status, and use sparsification to compress the gradient of
𝑙-th layer (1 ≤ 𝑙 ≤ 𝐿) during backward pass;
Step-3: In each worker, SAFusion sequentially selects the 𝑙-th spar-
sified gradient to merge into the buffer 𝐵𝑢𝑓 𝑓 𝑒𝑟𝑘

𝑖
and number it’s

buffer as 𝑖;
Step-4: SAFusion counts the number of sparsified gradients that are
merged in 𝐵𝑢𝑓 𝑓 𝑒𝑟𝑘

𝑖
, denoted as 𝑛. When 𝑛 = 𝑁𝑖 , SAFusion finishes

the 𝑖-th fusion phase for all workers and generate the (𝑖 + 1)-th
fusion buffer. SAFusion stores the buffer number corresponding to
each gradient generated in the initialization phase in memory to
guide the tensor fusion in subsequent iterations.

Figure 8 shows an example of the aligned inter-worker gradient
tensor fusion scheme for optimizing SAFusion, where the number of
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Figure 9: A general case of intra-worker pipeline for SAFusion.

sparsified gradients is 𝐿=6 (i.e.,𝐺1,𝐺2,...,𝐺6). The number of fusion
buffers is 𝑀=2 (i.e., 𝐵𝑢𝑓 𝑓 𝑒𝑟1

1 and 𝐵𝑢𝑓 𝑓 𝑒𝑟1
2 ). Thus, the number of

gradients in the first and second fusions is 𝑁1 = 𝑁2 = ⌈𝐿/𝑀⌉ = 3.
We can see that although the size of sparsified gradients becomes
variable in the fusion phase 1 among different workers (i.e., 𝐺1, 𝐺2,
and 𝐺3 of Worker-2 are smaller than 𝐺1, 𝐺2, and 𝐺3 of Worker-
1), Worker-1 and Worker-2 align the number of merged gradients
in 𝐵𝑢𝑓 𝑓 𝑒𝑟1

1 and 𝐵𝑢𝑓 𝑓 𝑒𝑟1
2 (i.e., 𝑁1 = 𝑁2 = 3), which avoids the

problem of long gradient synchronization waiting time across all
workers in Figure 6.

3.3 Adaptive Intra-Worker Buffer Sizing
Limitation of SAFusion: Multiple intra-worker waiting peri-
ods. We also find that SAFusion has performance limitation in the
intra-worker training pipeline. Since SAFusion performs sparsifica-
tion before tensor fusion, so we introduce a new definition sparse
tensor fusion time (i.e., 𝐹1, 𝐹2, 𝐹3, and 𝐹4 in Figure 9), which refers to
the time including the layer-wise gradient sparsification compres-
sion time and the tensor fusion time during the backpropagation.
Figure 9 shows two observations as follows:
• Greater sparse tensor fusion time than communication time. SA-
Fusion reduces the communication time of gradient tensors but
also increases the sparse tensor fusion time of each worker due
to the non-negligible compression overhead, which leads to the
sparse tensor fusion time being greater than the communication
time [10, 29, 57, 58]. Figure 9 shows a general case of intra-worker
pipeline for SAFusion, we can see that the sparse tensor fusion
time 𝐹2 of 𝐵𝑢𝑓 𝑓 𝑒𝑟2 is greater than the communication time𝐶1 of
𝐵𝑢𝑓 𝑓 𝑒𝑟1, so it is necessary to wait for a period𝑊1 before starting
the communication 𝐶2 of 𝐵𝑢𝑓 𝑓 𝑒𝑟2.

• Multiple intra-worker waiting periods within each iteration. SA-
Fusion makes the sparse tensor fusion time within an iteration
always greater than the communication time, which causes mul-
tiple waiting periods for neighboring fusion buffers. As shown
in Figure 9, we can see that the sparse tensor fusion time (e.g.,
𝐹2, 𝐹3, and 𝐹4) is always greater than the sparsified gradient com-
munication time (e.g., 𝐶1, 𝐶2, and 𝐶3) in multiple fusion phases,
resulting in many additional intra-worker waiting periods (e.g.,
𝑊1,𝑊2, and𝑊3).

Design idea: The reason for the communication waiting periods
is that there is incomplete overlap between the sparse tensor fusion
time and the previous buffer’s communication time (e.g., 𝐹2 > 𝐶1),
whichmotivates us to adjust the fusion buffer size at different fusion
phases for each worker to maximize the overlap between sparse
tensor fusion time and the previous communication time. The core
idea is to adjust the communication time of the previous fusion
buffer increase until it begins to only slightly greater than or equal
to the sparse tensor fusion time in the current fusion buffer.

Figure 10: Example of intra-worker tensor fusion with adaptive
buffer size.

Design details: Based on the design idea, we design an intra-
worker adaptive buffer sizing scheme with two following steps.
Step-1: Adjusting intra-worker fusion buffers’ sizes by mak-
ing the communication time of the previous buffer begin
to be larger than or equal to the sparse tensor fusion time.
Specifically, we merge multiple sparsified gradients into the fusion
buffer during gradient backward and compute the sparse tensor
fusion time and communication time. The 𝑖-th fusion buffer size
is increasingly adjusted until the following equation begins to be
satisfied.

𝑇 𝑖−1
𝑐𝑚 ≥ 𝑇 𝑖𝑐𝑝 +𝑇 𝑖

𝑏
, 2 ≤ 𝑖 ≤ 𝑀, (1)

where𝑇 𝑖−1
𝑐𝑚 is the communication time of the previous fusion buffer

Buffer𝑖−1, 𝑇 𝑖𝑐𝑝 +𝑇 𝑖
𝑏
is the sparse tensor fusion time including the

compression time of the Buffer𝑖 , and 𝑇 𝑖𝑏 is the sum of tensor fu-
sion time during the backward computation of all gradients in the
Buffer𝑖 .

Note that above adjustment does not consider the first fusion
buffer (i.e., 𝑖 = 1), so we simply adjust the first buffer size to satisfy
that the sum of its fusion time and communication time is less
than the layer-wise gradient communication time, such that this
adjustment is better than layer-wise gradient communication time.
Thus, we have the following equation

𝑇 1
𝑏
+𝑇 1

𝑐𝑚 <

𝑁1∑︁
𝑗=1

𝑇
𝑙− 𝑗
𝑐𝑚 , (2)

where 𝑇 𝑙𝑐𝑚 is the communication time of the 𝑙-th layer gradient,
and

∑𝑁1
𝑗=1𝑇

𝑙− 𝑗
𝑐𝑚 is the sum of layer-wise gradient communication

time [9, 47, 66].
Figure 10 shows the above merging process as follows: (i) First,

wemerge some sparsified gradients to the first fusion buffer𝐵𝑢𝑓 𝑓 𝑒𝑟1
base on Equation (2). (ii)We calculate the 𝐵𝑢𝑓 𝑓 𝑒𝑟1’s communica-
tion time as𝐶1, and Buffer2’s sparse tensor fusion time as 𝐹2. We in-
crease Buffer2 until the sparse tensor fusion time 𝐹2 becomes larger
than or equal to 𝐶1. (iii) Repeating the above process, we sequen-
tially obtain intra-worker adaptive-size fusion buffers: 𝐵𝑢𝑓 𝑓 𝑒𝑟2,
𝐵𝑢𝑓 𝑓 𝑒𝑟3, and 𝐵𝑢𝑓 𝑓 𝑒𝑟4. Clearly, compared to Figure 9, Figure 10
has no waiting periods.
Step-2: Eliminate long-tailed buffers. Although we generate
some adaptive-size fusion buffers in Step-1 to reduce multiple intra-
worker communication waiting periods, we find that when the
communication time of the buffers is long, the total communication
time of the fusion buffers that have previously completed the fusion
may exceed the sum of the sparse tensor fusion time of all the
gradients. As a result, communication of the subsequent buffers
cannot be overlapped with the sparse tensor fusion time, which is
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(a) Process of eliminating long-tailed buffers

(b) Results of eliminating long-tailed buffers

Figure 11: Example of SAFusion eliminating long-tailed buffers.

called long-tailed buffers. However, the scheme in Step-1 does not
eliminate them.

To address this problem, we design a scheme to eliminate long-
tailed buffers at the later fusion phases. Specifically, we compute
the total communication time of the first𝑀′ buffers and the total
sparse tensor fusion time of all𝑀 buffers except Buffer1 during the
tensor fusion process; when the former is larger than the latter, we
merge all the subsequent sparsified gradients into the tail starting
from the𝑀′-th buffer. That is, the number of long-tailed buffers is
eliminated only when

𝑀 ′∑︁
𝑖=1

𝑇 𝑖𝑐𝑚 >

𝑀∑︁
𝑗=2

(𝑇 𝑗
𝑏
+𝑇 𝑗𝑐𝑝 ), (3)

where𝑀′ < 𝑀 , we merge the𝑀′-th buffer and subsequent small
buffers into a single large buffer to eliminate long-tailed buffers.

For example, as shown in Figure 11(a), the sum of the sparse
tensor fusion time of all buffers is less than the sum of their com-
munication time. When the communication 𝐶4 of 𝐵𝑢𝑓 𝑓 𝑒𝑟4 is fin-
ished, the total communication time of the first four buffers (T2)
is greater than the sparse tensor fusion time of all buffers except
𝐵𝑢𝑓 𝑓 𝑒𝑟1 (T1). This implies that the communication time 𝐶5 and
𝐶6 do not be overlapped with the sparse tensor fusion time of any
buffer, so we merge the long-tailed buffers (𝐵𝑢𝑓 𝑓 𝑒𝑟4, 𝐵𝑢𝑓 𝑓 𝑒𝑟5, and
𝐵𝑢𝑓 𝑓 𝑒𝑟6) into a single 𝐵𝑢𝑓 𝑓 𝑒𝑟456 as shown in Figure 11(b). We
further eliminate long-tailed buffers to improve the efficiency of
the computation-communication pipeline.

3.4 Discussion
Independent inter- and intra-worker tensor fusion: The inter-
worker gradient alignment scheme (§3.2) and the intra-worker
adaptive buffer sizing scheme (§3.3) are orthogonal. Indeed, the
intra-worker adaptive buffer sizing scheme operates independently
within each worker. It adjusts the number of gradients to be merged
in each fusion phase based on the size of the previous buffer. In
contrast, the inter-worker gradient alignment scheme performs a
global alignment across all workers, ensuring that they merge the
same number of gradients in each fusion phase. Therefore, the local
adaptive adjustment of intra-worker buffer sizing does not interfere
with the global alignment of the inter-worker tensor fusion scheme.

Figure 12: The workflow of SAFusion generator.

Compression overhead: SAFusion enables layer-wise sparsifica-
tion and merges multiple sparsified gradient tensors into the fusion
buffer to significantly reduce the transmission traffic and commu-
nication startup time, but as the size of the DNN increases, the
compression overhead of SAFusion will also increase slightly (§5.2
shows the results: 4.5% to 6.2%). In the future, we will trade off the
compression overhead against the communication overhead, and
further reduce the compression overhead by not compressing some
small tensors but merging them directly into the fusion buffer.
Training scalability: SAFusion considers both tensor fusion and
sparsification. Due to the differences in the stochastic gradients
generated by different workers in each iteration, the number of
gradient elements aggregated in the communication after sparsifi-
cation becomes larger than the number actually selected by each
worker [12, 63], which has difficulties with large scaling owing
to gradient build-up in the fusion buffer. Nevertheless, SAFusion
online profiles the efficient tensor fusion scheme based on different
experimental setups. Thus, we evaluate the convergence perfor-
mance and training throughput of SAFusion on different training
platforms and different numbers of training GPU nodes in §5.2.

4 IMPLEMENTATIONS
System overview.We leveraged the PyTorch framework and im-
plemented the prototype of SAFusion based on the Horovod [3]
using NCCL as the communication library. In our system of SAFu-
sion, each worker contains a generator module for generating an
efficient sparsification-ahead fusion buffer, a controller module
for controlling a series of operations such as sparsified gradient
pushing, pulling, and communication in the fusion buffer, and a
sparsification compression module for performing layer-wise gradi-
ent sparsification during the backward pass. The workflow for each
worker can be divided into two threads. The computation_thread
is responsible for forward and backward propagation of the DNN
model, executing fusion buffer generator and controller func-
tions when initializing the register hook and backward of the call
hook, respectively, and interacts with the communication_thread.
The communication_thread receives synchronization tasks from
the computation_thread and performs the communication opera-
tions of each worker based on the NCCL.
Generatormodule. Figure 12 shows theworkflow of the generator
module, which is responsible for generating the fusion buffers. The
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Table 2: Tasks, models and datasets used for evaluation.

Tasks Models Model Size Datasets

Image
Classification

ViT-large [15] 1.13 GB ImageNet [13]
ResNet-152 [21] 230 MB ImageNet [13]
ResNet-152 [21] 230 MB Cifar-100 [27]
VGG-19 [54] 548 MB Cifar-100 [27]

Natural Language
Processing

GPT2-large [40] 3.16 GB WikiText-103 [36]
LSTM [35] 328 MB WikiText-2 [36]
BERT-large [14] 1.32 GB SQuAD [41]
BERT-base [14] 420 MB SQuAD [41]

generator first compresses the gradient tensors generated by back-
ward propagation and initializes the queue group to represent the
fusion buffers. The sparsified gradients are taken as inputs to be
merged into the buffer sequentially. Generator aligns the number
of merged gradient tensors in group across different workers. Then,
generator adaptively adjusts intra-worker buffer size by maximiz-
ing the overlap of sparse tensor fusion time with communication
time, and further eliminates long-tailed buffers. The generator
gets the gradient communication time and compression time by
online profiling. The communication and compression time are
fitted based on the piecewise interp1d function.
Controller module. The controller controls the push and pull
operations of the fusion buffer. It first maintains a list that records
the mapping between the gradient tensor Name and its correspond-
ing buffer ID in the optimal tensor fusion. Upon completion of
the gradient calculation for a given gradient tensor, the registered
hook function is invoked and the gradient is sparsified, then the
sparsified gradient is pushed into the corresponding buffer by the
mapping list’s contents. The sparsified gradients in the buffer are
not transmitted until they have all been merged. Following the
completion of communication, the controller partitions the gra-
dients from the aggregated buffer based on their respective sizes,
decompresses them to restore their original shapes, and updates
the model parameters accordingly.
Sparsification compression module.We also implement state-
of-the-art gradient sparsification compression libraries, including
DGC [31], Gaussiank [48], Redsync [17], and SIDCo [34] accord-
ing to their papers and open source code. Following the literature
[29, 37], since the gradient distribution remains almost unchanged
over multiple iterations, we periodically estimate the threshold for
sparsification compression and reuse it in some subsequent itera-
tions. We also implement a decompress function, which restores
the compressed elements into a tensor of the size of the original
gradient, then uses the scatter function [38] to fill missing ele-
ments with zeros, and reshapes the tensor to the original form. To
preserve the form of the original gradient for decompression, we
add a specific parameter ctx to store the original gradient tensor’s
shape and number of elements.

5 EVALUATION
5.1 Experiment Setup
Testbed.We carried out our experiments on two testbeds: 1) a cloud
cluster with 64 GPUs across 16 nodes, connected with 200Gbps
InfiniBand. Each node has two 32-core EPYC 7543 CPUs and 4

NVIDIA A100 GPUs (80GB) with NVLink; 2) a local cluster of 8
nodes, each of which is equipped with one NVIDIA V100S GPU (32
GB), two 12-core Intel XEON Silver 4214 CPUs, and is connected
by a 100Gbps InfiniBand. Both cloud and local clusters run Ubuntu
20.04, with software libraries including CUDA-12.0, OpenMPI-4.0.3,
NCCL-2.8.3, PyTorch-1.13.1, and Horovod-0.28.1.
Workloads. Our evaluation encompasses seven widely-used DNN
models, comprising three image classification models and four nat-
ural language processing models. We set batch sizes and learning
rates across different models similar to the studies [10, 51, 57]. The
per-GPU batch size is kept constant as the number of GPUs in-
creases. The details of the models, datasets, and the number of
gradients are listed in Table 2.
Comparative approaches. To establish a comprehensive bench-
mark, we compare SAFusion to WFBP [3] and the state-of-the-art
tensor fusion approaches, including OkTopk [29], OMGS [51], and
Cupcake [58], which are detailed in §6.2.
Sparsification algorithms. We use four state-of-the-art gradient
sparsification compression algorithms with density = 0.01, includ-
ing DGC[31], Gaussiank[48], RedSync[17], and SIDCo[34]. We also
apply error feedback techniques[26, 31] to these sparsification al-
gorithms to ensure the preservation of model accuracy.
SAFusion settings. We also compare the basic version of SAFu-
sion, called SAF(Naive), which performs only sparsification-ahead
tensor fusion (in §3.1). We optimize the SAF(Naive), called SAF-
Inter, which avoids long synchronization waiting via inter-worker
gradient alignment fusion scheme (in §3.2). We further optimize the
SAF-Inter, called SAF-(Inter+Intra), which reduces multiple waiting
periods via intra-worker adaptive buffer sizing scheme (in §3.3).

5.2 Experiments
Experiment 1 (End-to-end convergence performance): We
evaluate the convergence accuracy of SAFusion and state-of-the-
arts using real-world training tasks listed in Table 2 on a local cluster
with 8 PCIe-based NVIDIA V100 GPUs connected by a 100Gbps
Infiniband. To provide a fair comparison of all methods, we have
the same settings for SAFusion and other state-of-the-art schemes.

Figure 13 shows that the convergence performance achieved by
SAFusion is very close to the Baseline (non-compression) and higher
than the other state-of-the-arts on four different training tasks. Note
that we train the same number of epochs and compression rate
for different tensor fusion methods on each training task to obtain
training time and convergence accuracy. We see that:
Image classification: Figure 13(a) and (b) for ResNet-152 and VGG-
19 on Cifar-100, respectively, show that the Top-1 accuracy of SAFu-
sion achieves 72.32% and 68.28%, which are slightly lower than that
of Baseline (i.e., 73.61% and 70.02%), but larger than other state-of-
the-art tensor fusion methods. We can see that OkTopk, OMGS, and
Cupcake only achieve 62.09%, 68.32%, and 68.08% Top-1 accuracy
on ResNet-152, respectively, and 54.26%, 59.18%, and 60.01% Top-1
accuracy on VGG-19.
Natural language processing: Figure 13(c) on WikiText-2 for LSTM
shows that SAFusionmaintains the same convergence performance
as the non-compression Baseline. For example, the Perplexity of
SAFusion is 109, which is very close to the Baseline of 104 and lower
than OkTopk (155), OMGS (132), and Cupcake (129), which indicates
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Figure 13: Experiment 1: Training time and convergence accuracy of DNN training tasks with PCIe-only GPU machines and 100Gbps cross-
machine InfiniBand (density=0.01).
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(b) ViT-large on ImageNet
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(c) GPT2-large on WikiText-103
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Figure 14: Experiment 2: Throughput of DNN training tasks with NVLink-based GPU machines and 200Gbps cross-machine Infiniband.

that SAFusion improves convergence performance by preserving
more tensors of the LSTM. Note that the smaller the Perplexity, the
higher prediction accuracy of LSTM training Wikitext-2. Figure
13(d) shows that the F1 score (86%) for SAFusion is close to the
same as the non-compression Baseline, while the convergence F1
scores of OkTopk, OMGS, and Cupcake are only 76.98%, 82.09%,
and 80.5%, respectively.
Analysis: Overall, SAFusion achieves convergence accuracy close
to the non-compression Baseline, which confirms our main idea of
performing sparsification compression before tensor fusion to avoid
missing gradient tensors, thus improving the convergence perfor-
mance. In addition, we can see that SAFusion also has a shorter
training time than other state-of-the-art tensor fusion schemes.

For example, the training time of SAFusion is less than other
state-of-the-art tensor fusion schemes by 26.5%-68.8% and 38.9%-
84.2% in Figure 13(a) and (b), respectively. SAFusion reduces the
training time on LSTM and BERT-large by 9.1%-22.5% and 35.4%-
67.1%, respectively. The reason is that SAFusion’s inter-worker
gradient alignment fusion and intra-worker adaptive buffer sizing
scheme improves gradient synchronization and training pipeline
efficiency, thus reducing training time.
Experiment 2 (Training throughput): We evaluate the training
throughput of SAFusion and other state-of-the-art tensor fusion
schemes using real-world training tasks listed in Table 2 on a cloud
cluster with 64 NVLink-based GPUs connected by 200Gbps cross-
machine Infiniband. Figure 14 shows that the training throughput
achieved by SAFusion (also called SAF-(Inter+Intra) here) on the
four training tasks is much higher than that of the other state-of-
the-art schemes. We see that:
Image classification: Figure 14(a) and Figure 14(b) for ResNet-152
and ViT-large on ImageNet, respectively, show that the training
throughput of SAFusion outperforms other methods by 18.96%-
104.80% and 20.78%-98.43%, respectively, versus different GPU clus-
ter sizes. Unlike the limited training throughput of the latest open-
sourced versions of state-of-the-arts, SAFusion improves the train-
ing throughput on multiple training tasks. For example, with 64

GPUs, for ResNet-152 on ImageNet, SAFusion outperforms WFBP,
OkTopk, OMGS, and Cupcake by 87.41%, 52.89%, 37.43%, and 25.45%,
respectively. For ViT-large on ImageNet, SAFusion outperforms
WFBP, OkTopk, OMGS, and Cupcake by 91.41%, 60.89%, 44.43%,
and 31.45%, respectively.
Natural language processing: For GPT2-large onWikiText-103, Fig-
ure 14(c) shows that SAFusion improves training throughput by
20.27%-144.42% versus different GPU cluster sizes. Specifically, SA-
Fusion outperformsWFBP, OkTopk, OMGS, and Cupcake by 94.89%-
144.42%, 33.27%-45.66%, 28.20%-58.28%, and 20.27%-30.26%, respec-
tively. Figure 14(d) for BERT-large on SQuAD, shows that SAFu-
sion improves training throughput by 23.29%-128.44% versus differ-
ent GPU cluster sizes. Specifically, SAFusion outperforms WFBP,
OkTopk, OMGS, and Cupcake by 49.71%-128.44%, 30.70%-52.14%,
28.91%-46.21%, and 23.29%-37.22%, respectively.
Effectiveness of various optimizations: We evaluate the individual
performance gains of the various fusion optimizations introduced
for SAFusion, including SAF(Naive), SAF-Inter, and SAF-(Inter+Intra).
As shown in Figure 14, SAF(Naive) outperforms the existing WFBP
by up to 43.05%, 34.0%, 58.50%, and 60.78% on four training tasks,
respectively. Further, we evaluate the case where only inter-worker
gradient alignment fusion scheme is used, SAF-Inter (in §3.2). Com-
pared to SAF(Naive), SAF-Inter improves the training throughput
by up to 12.39%, 18.21%, 30.78%, and 16.81%, respectively. This is
because SAF-Inter avoids the long inter-worker synchronization
waiting caused by SAF(Naive). In addition, we also evaluate the
intra-worker adaptive buffer sizing scheme, SAF-(Inter+Intra) (in
§3.3). As shown in Figure 14, compared to SAF-Inter on four train-
ing tasks, SAF-(Inter+Intra) improves the training throughput by up
to 34.73%, 46.42%, 35.29%, and 37.68%, respectively. This implies that
SAF-(Inter+Intra) further reduces multiple intra-worker waiting
periods, thus improving the training efficiency.
Analysis. We can see that WFBP has the lowest training through-
put for different GPU cluster sizes. This is because the layer-wise
gradient communication of WFBP incurs a large startup overhead,
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Figure 15: Experiment 3: Training time breakdown for different
tensor fusion schemes on two training tasks.

which limits the training throughput. OkTopk realizes global com-
pression that merges the gradients of all layers into a single buffer,
but waiting on the global gradient prevents opportunities for com-
munication and computation to overlap, which can negatively affect
training efficiency.

Although OMGS and Cupcake theoretically derive the optimal
solution for tensor fusion, they still face the problem of limited
training throughput when scaling to real-world environments with
different GPU clusters. On the contrary, SAFusion uses online pro-
filing to generate an effective inter- and intra-worker tensor fusion
scheme that scales to clusters with different numbers of GPUs and
still achieves higher training throughput than other state-of-the-art
tensor fusion schemes.
Experiment 3 (Training time breakdown): To better understand
the details of how SAFusion improves the training efficiency, we
break down the training time into four parts: forward, sparsifica-
tion compression, backward, and non-overlapping communication
time (NOCT). Note that a smaller NOCT indicates a larger overlap
between communication and backpropagation, resulting in a higher
training pipeline efficiency. Figure 15 shows the breakdown of train-
ing time on ResNet-152 and BERT-large during an iteration. We find
that SAFusion reduces the NOCT by 160.67% and 132.89% compared
to WFBP, by 107.90% and 64.02% compared to OkTopk, by 54.83%
and 34.68% compared to OMGS, and by 36.59% and 20.31% compared
to Cupcake. This implies that our SAFusion maximizes the overlap
between communication and backpropagation while minimizing
communication startup overhead through effective tensor fusion.
Surprisingly, we can see that the compression time of SAFusion
increases by only 4.5%-6.2% compared to OMGS and Cupcake. This
is because SAFusion uses effective threshold-based sparsification
algorithm that does not further increase compression overhead.
Experiment 4 (Impact of different sparsification methods):
We have completed the performance evaluation on the sparsifica-
tion compression method DGC in Experiment 1 and Experiment 3
and proved that our SAFusion outperforms the other state-oft-the-
arts. Here, we will compare other sparsification compression meth-
ods (e.g.,Gaussiank[48], DGC[31], RedSync[17], and SIDCo[34]),
and evaluate their performance on various state-of-the-art schemes.
Figure 16 shows the training throughput of WFBP, OkTopk, OMGS,
Cupcake and SAFusion on ResNet-152 and BERT-large using dif-
ferent sparsification compression methods with the same settings
as in Experiment 1 in an 8-nodes local GPU cluster. We can see
that the overall training throughput of SAFusion is higher than the
other state-of-the-art schemes under all four sparsification meth-
ods. Specifically, for ResNet-152 on ImageNet, compared to WFBP,
OkTopk, OMGS, and Cupcake, SAFusion achieves throughput im-
provements of 14.01%-84.56%, 12.22%-77.18%, 9.34%-68.47%, and
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Figure 16: Experiment 4: Training performance comparison using
different sparsification compression methods (density=0.01).
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10.22%-72.39%, respectively. For BERT-large on SQuAD, SAFusion
also increases the training throughput by 10.16%-88.24%, 13.92%-
90.37%, 10.75%-89.63%, and 11.01%-90.58%, respectively.
Experiment 5 (Impact of compression ratios): Figure 17 com-
pares the training throughput of WFBP, OkTopk, OMGS, Cupcake
and SAFusion on ResNet-152 using different compression ratios
(i.e., density=0.1, 0.05, and 0.01) with the same settings as in Exper-
iment 1. For ResNet-152 on ImageNet, compared to other state-of-
the-art schemes, SAFusion achieves throughput improvements of
27.70%-78.63%, 26.21%-83.08%, and 14.22%-77.18% when the density
is reduced from 0.1 to 0.05 and 0.01, respectively.

We observe that at larger densities, SAFusion improves train-
ing throughput more compared to other state-of-the-art schemes.
The reason is that transmitting more gradients increases the op-
portunities for communication and computational overlap. When
the density is reduced to a certain level it often makes the net-
work bandwidth not be the bottleneck. Nevertheless, our SAFusion
still achieves higher training throughput by its effective inter- and
intra-worker tensor fusion scheme. Note that in practice, smaller
densities may impair convergence.
Experiment 6 (Impact of network bandwidths): Figure 18 com-
pares the throughput of WFBP, OkTopk, OMGS, Cupcake and SA-
Fusion training ResNet-152 using the same GPU configuration but
two different training tasks in an 8-nodes local GPU cluster. We use
10Gbps, 50Gbps, and 100Gbps under the low and high bandwidth
networks, respectively. We can see that the training throughput
of SAFusion is higher than other state-of-the-art schemes under
both low and high-bandwidth networks for both training tasks.
Specifically, for ResNet-152 on ImageNet, compared to other four
state-of-the-art schemes, SAFusion achieves throughput improve-
ments of 12.18%-85.94%, 9.21%-75.63%, and 11.22%-77.18% when
the bandwidth is increased from 10Gbps to 50Gbps and 100Gbps,
respectively. Note that SAFusion can effectively increase training
throughput even in a low-bandwidth network environment. The
reason may be that as the bandwidth decreases, the communication
time of the gradient grows, thus increasing the communication-
computation overlap.
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6 RELATEDWORK
6.1 Gradient Sparsification Compression
Gradient sparsification reduces the communication traffic by trans-
mitting a subset of gradient elements and proves to be one of the
most effective compression algorithm [45]. Recently, many state-
of-the-art sparsification compression methods have been proposed
to improve the training performance [7, 18, 31, 37, 43, 45, 48, 52,
55, 60, 62, 69]. DGC [31] samples only 0.1% to 1% of the elements
of gradient tensor to estimate the compression threshold and uses
it to select elements from the entire gradient, but the threshold is
often inaccurate due to the randomness of the sampling. Gaussiank
[48] regards the gradient tensor at each iteration as a normal distri-
bution and estimates the threshold by exploiting the percent point
function, but the estimated threshold is biased because Gaussiank
does not fit an exact normal distribution. Redsync [17] estimates
the threshold by moving the ratio between the maximum and mean
elements of the gradient, but the threshold estimated in this way
is often inaccurate. Since the difference between the gradient ten-
sors of adjacent iterations is usually small, SIDCo [34] is similar to
Gaussiank and periodically estimates the threshold by fitting some
sparsity-inducing distributions, and selects the gradient elements
that are larger than the estimated threshold.

6.2 Tensor Fusion
Some recent works merge multiple gradient tensors into the buffer
for a single transmission operation to reduce multiple commu-
nication startup overheads and thus improve training efficiency
[29, 33, 47, 49, 51, 58, 65, 67, 68]. SyncEA [65] and OkTopk [29]
merge all layers’ gradient tensors into single buffer to be synchro-
nized by a once all-reduce operation at the end of each iteration.
However, the above single buffer tensor fusion scheme often cannot
overlap with the backward pass, leading to inefficient pipelining.
Thus, state-of-the-arts focus on multiple fusion buffer schemes as
shown in Figure 1(b). Horovod [47] merges gradient tensors in
intervals of 5ms with merged buffer size upper-bounded by 64MB,
as well as Horovod Autotune [5], which automatically tunes the
interval and buffer upper bound for better performance. MG-WFBP
[49] also pre-defines the size of the buffer by analyzing the min-
imum training iteration time and performs the communication
task when the buffer is full to reduce the startup overhead. OMGS
[51] explores the optimal tensor fusion on backward, compres-
sion, and communication by formulating an optimization problem
for pipelining. Cupcake [58] uses a tensor fusion strategy to min-
imize the incurred compression overheads. However, these ten-
sor fusion mechanisms occur before sparsification compression
(called sparsification-behind tensor fusion), which may lead to ten-
sor missing, and thus compromise convergence performance [16].
In contrast, SAFusion proposes a sparsification-ahead tensor fusion
mechanism to address the challenges of sparsification-behind ten-
sor fusion and proposes an efficient (inter-worker and intra-worker)
fusion scheme for optimizing communication performance.

7 CONCLUSION
SAFusion is an efficient tensor fusion for high-performance dis-
tributed DNN training that addresses the challenges of tensor

missing caused by traditional tensor fusion. SAFusion proposes
a sparsification-ahead tensor fusion, which performs sparsifica-
tion on each of the gradient tensors before merging them during
tensor fusion, instead of sparsification-behind tensor fusion, so
as to avoid gradient tensor missing. Further, SAFusion designs an
inter-worker gradient alignment fusion scheme that merges the
same amount of sparsified gradients across workers to avoid long
gradient synchronization waiting, and an intra-worker adaptive
buffer sizing scheme that maximizes the overlap of backpropaga-
tion and communication time to reduce multiple waiting periods.
For seven popular DNN training models on a local cluster and in a
public cloud, SAFusion improves the training throughput by 49.71%-
144.42% and 18.96%-60.89% compared to the training without tensor
fusion and the state-of-the-art tensor fusion schemes, respectively,
while maintaining almost the same convergence accuracy as the
non-compression baseline.

We note that SAFusion performs layer-wise sparsification com-
pression before tensor fusion, which can introduce significant com-
pression overhead and increase the overall computation time in
distributed training systems. For future work, it is worth exploring
efficient gradient sparsification compression strategies for tensor
fusion so that one can further improve the training efficiency.
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