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Abstract—Distributed deep neural networks (DNN) training
systems deployed across multiple workers have been widely used
to accelerate the training of large models and datasets, while the
communication overhead for synchronizing data (i.e., gradient
tensor) among workers often becomes a performance bottleneck.
To improve communication efficiency, two key techniques are
often adopted: i) tensor fusion, which merges multiple tensors
to transmit them together to reduce the communication startup
overhead, and ii) gradient sparsification compression, which trans-
mits only the largest gradient elements to reduce communication
traffic. Recent studies focus on combining tensor fusion and
sparsification: a straightforward way is to perform sparsification
on each tensor before fusion (per-tensor sparsification), but it
incurs significant sparsification overhead; alternatively, state-of-
the-art works first merge multiple tensors (i.e., fusion) and then
perform sparsification on them to reduce sparsification overhead
(multi-tensor sparsification). However, we observe that multi-tensor
sparsification causes many tensors to be missing, leading to a
significant decrease in convergence accuracy.

In this paper, we revisit per-tensor sparsification for no tensor
missing and propose a new selective sparsification mechanism
tailored for fused tensors. This mechanism strategically selects
a subset of fused tensors: the selected ones undergo individual
sparsification, while the others remain unsparsified. This design
achieves both low sparsification overhead (via selective sparsifica-
tion) and high convergence performance (without tensor missing),
which we term SSFusion. On top of SSFusion, we propose
an efficient sparsification offloading scheme that offloads GPU-
based gradient sparsification to the CPU to further speed up
sparsification, and an interleaved communication scheme that
improves communication efficiency through fusion separation.
Evaluations on cloud and local clusters show that SSFusion
improves the training throughput by 27.5%-106.7% over state-
of-the-art solutions, while maintaining approximately the same
convergence accuracy as the non-sparsification baseline.

Index Terms—Distributed DNN Training, Communication
Bottleneck, Tensor Fusion, Gradient Sparsification

I. INTRODUCTION

Modern deep neural network (DNN) models have been
widely used across various domains [1]–[4], with rapid growth
in both model size and training data. For instance, GPT-3 [3]
has 175 billion parameters and was trained on roughly 45 TB
of text from sources including Wikipedia and books. Due to the
large data volumes and complex model architectures, training
these tasks on a single GPU is often very time-consuming. To
speed up training of large-scale DNNs, mainstream systems
typically distribute datasets and models across multiple GPU
nodes [5]–[10]. In a typical data-parallel distributed training
setup, data samples are partitioned across multiple GPU nodes.

Each worker (or training node) processes a subset of the input
dataset, known as a mini-batch. In each iteration, all workers
compute gradient tensors on their local mini-batches and then
exchange them through synchronization mechanisms [8], [11]
before updating the model parameters.

Despite their widespread use, modern distributed training
systems are hindered by a significant communication bottleneck:
frequent and heavy data synchronization across all nodes can
consume up to 90% of total training time [1], [2], [6], severely
limiting training performance [6], [12]. Many communication
optimization techniques have been proposed [5], [6], [8], [12]–
[20] to alleviate the communication problem, where there are
two key techniques: (i) tensor fusion is one of the most effective
methods [8], [13]–[18], which combines multiple gradient ten-
sors before gradient synchronization communication to reduce
communication startup overhead; (ii) gradient sparsification
compression is another effective communication optimization
technique that selects only a subset of gradient elements with
large absolute values rather than the entire gradient for gradient
synchronization to reduce communication traffic [12], [19]–[25].
Both of the above two techniques have been widely applied in
industry, such as Horovod [5], PyTorch-DDP [7], BytePS [26],
and DeepSpeed [27].

Recently, several studies have combined tensor fusion and
gradient sparsification techniques (referred to as tensor fusion
with sparsification) in high-performance distributed DNN
training systems [17], [18], [20], [28], [29], leveraging the
advantages of both approaches to improve communication
efficiency. A simple combination method [5], [7], [30], [31]
applies sparsification to each tensor individually before fusion,
which we refer to as per-tensor sparsification, but this method
incurs significant sparsification overhead due to every DNN
layer (i.e., tensor) needs sparsification, which impairs the
training throughput [28], [32].

Alternatively, state-of-the-art combination schemes [17],
[20], [28], [33], which perform a jointly sparsification on
multiple merged tensors created by fusion, are proposed to
reduce sparsification overhead which we refer to as multi-
tensor sparsification. However, we observe that compared
to per-tensor sparsification that maintains all tensors after
sparsification, multi-tensor sparsification will miss many tensors
that are only composed of small gradient elements and thus
are not selected by sparsification, which significantly impairs
the training convergence performance (see §III-A). Therefore,
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it is intuitive to revisit per-tensor sparsification for its high
convergence accuracy (without tensor missing), and the goal
is to reduce its sparsification overhead.

To this end, we observe two insights that imply the relation
between sparsification overhead and small tensors: i) small
tensors still have non-negligible sparsification latency; ii) small
tensors account for a high proportion in number but only occupy
a small proportion of the total size of all tensors (see §III-B).
These limitations motivate our proposed method, tensor fusion
with selective sparsification, which only selects large tensors
to perform individual sparsification while leaving small tensors
unsparsified during tensor fusion (see §III-C).

In this paper, we propose SSFusion, which implements
selective sparsification of tensor fusion to achieve low sparsi-
fication overhead while maintaining high convergence perfor-
mance. Furthermore, we propose two optimization techniques
to further improve the training performance of SSFusion. Our
main contributions are as follows:
• Through measurement analysis, we first observe the lim-

itation of multi-tensor sparsification methods in terms of
degraded convergence performance, then observe two insights
that small tensors do not have to be selected for sparsification
to reduce sparsification overhead, and are motivated to
propose SSFusion, which performs selective sparsification
before tensor fusion (§III).

• We design SSFusion with three key components: i)
overlap-maximized selection and density-aware sparsification
schemes to determine which small tensors to exclude
from sparsification for minimal transmission time; ii) an
efficient sparsification offloading scheme to further speed up
sparsification; iii) an interleaved communication scheme to
boost sparse communication efficiency (§IV).

• We conduct experiments on both cloud and local clusters
using nine popular DNN models. Results show that, com-
pared with state-of-the-art tensor fusion schemes, SSFusion
improves training throughput by 27.5%–106.7% while main-
taining convergence performance comparable to the non-
sparsification baseline (§V). SSFusion is open-sourced at
https://github.com/zqming-cs/SSFusion.

II. BACKGROUND AND RELATED WORK

A. Basics of Distributed DNN Training

A DNN model consists of multiple layers, each with
numerous parameters. To achieve convergence, training iterates
over the dataset for multiple epochs, each containing several
iterations. In each iteration, the model computes a gradient
tensor for each layer to update its parameters.

Data-parallel distributed DNN training systems accelerate
large-scale DNN training by deploying multiple GPU workers
[6], [12], [19]. In a typical setup, the training dataset is
partitioned into mini-batches, which are then assigned to
different workers in each iteration. Each worker independently
processes a mini-batch from its local data partition, performing
forward and backward propagation to compute gradient tensors,
and subsequently synchronizes them with other workers via
collective communication operations [34], [35].

(a) Wait-free backpropagation (WFBP)

(b) Tensor fusion with per-tensor sparsification

(c) Tensor fusion with multi-tensor sparsification

Fig. 1: Comparison of three distributed DNN training systems with
four tensors for gradient synchronization communication.

B. Communication Bottlenecks of Distributed DNN Training

Following prior works [13], [17], [28], we model the
communication cost of each gradient tensor as:

T = α+ βD, (1)

where α represents the network latency (or startup time) per
tensor, β is the transfer time per byte, and D denotes the tensor
size. Consequently, the communication bottleneck mainly arises
from frequent communication startups and large data transfers
(i.e., the gray and green regions in Fig. 1(a)).
Frequent communication startups. To improve pipeline effi-
ciency, traditional gradient synchronization schemes [5], [36],
[37] typically adopt wait-free backpropagation (WFBP), which
overlaps gradient communication with backward computation
by exploiting the layer-wise structure of DNN models [17].
As shown in Fig. 1(a), the backward computation times of
the four gradient layers B4–B1 can be overlapped with both
communication startup and transmission times (S and T4–T1).
However, many modern DNNs consist of numerous small
layers, causing frequent communication startups and significant
overhead [13], [17], [28], [38], [39].
Huge transmission traffic. Modern DNN models have grown
from millions to billions of parameters [2], [3], leading to sub-
stantial data transfers between workers. Such communication
can consume up to 90% of the total training time [6], [12],
[28], [40]–[42], making it a major performance bottleneck in
distributed DNN training systems [6], [12].

C. Two Key Communication Optimization Techniques

To address the communication bottlenecks in distributed
DNN training systems, two key communication optimization
techniques have been proposed.
Tensor fusion. To alleviate the impact of the frequent com-
munication startups, tensor fusion has been widely studied
as a representative communication scheduling technique [5],
[14], [17], [28], [31], [38], [43]. It merges multiple gradient
tensors into a single buffer, allowing them to be transmitted



synchronously in a single communication, thereby reducing the
startup overhead. In practice, tensor fusion is an effective tech-
nique that has been widely adopted in mainstream distributed
DNN training systems [5], [7], [9], [26]. As illustrated in Fig.
1(b), pairs of gradient tensors (e.g., G4 and G3; G2 and G1)
are merged into fusion buffers (e.g., Buffer1 for G4 and G3,
and Buffer2 for G2 and G1) after the backward pass, and
the tensors in each buffer are then transmitted together (e.g.,
T1 for Buffer1 and T2 for Buffer2). Note that, compared
to Fig. 1(a), the startup overhead is lower in Fig. 1(b).
Gradient sparsification compression. To mitigate the sub-
stantial transmission traffic in distributed training systems,
sparsification is a key technique that exploits the sparsity of
gradient tensors by selecting only a subset of their elements
(i.e., those with the largest absolute values) for communication
[20], [22]–[25], [44]–[52], while maintaining nearly the same
convergence accuracy [21], [53], [54]. The sparsification-based
compression approach has been widely adopted in industry
[26], [27], [34]. In this paper, we only focus on gradient
sparsification, which is distinct from quantization techniques
[55]–[57] that reduce numerical precision.

D. Recent Communication Optimization Schemes by Combin-
ing Tensor Fusion with Sparsification

To further enhance communication efficiency, recent studies
[6], [17], [18], [20], [28], [32], [33] have focused on combining
tensor fusion with gradient sparsification techniques to leverage
the benefits of both.
Tensor fusion with per-tensor sparsification. In several
typical distributed training frameworks (e.g., Horovod [5],
PyTorch-DDP [7], MXNet [30], Accelerating [31], etc.), tensor
fusion straightforwardly takes place after sparsification and is
orthogonal to sparsification. In this process, each tensor is first
sparsified independently and then merged into a fusion buffer
for communication, which we call per-tensor sparsification.

As illustrated in Fig. 1(b), G4 and G3 are first sparsified to
G̃4 and G̃3, and then merged to Buffer1, whose transmission
time T1 and startup time S are less than that in Fig. 1(a).
Similarly, G2 and G1 are first sparsified to G̃2 and G̃1,
respectively, and then merged to Buffer2, whose T2 and
S are also less than that in Fig. 1(a).
Tensor fusion with multi-tensor sparsification. Per-tensor
sparsification incurs significant sparsification overhead since
every DNN layer (i.e., tensor) needs sparsification. To reduce
sparsification overhead, recent studies [17], [20], [28], [33]
adopt multi-tensor sparsification strategy, which first applies
tensor fusion to merge multiple tensors, and then performs
sparsification on the fused tensors.

As illustrated in Fig. 1(c), G4 and G3 are first merged into
Buffer1 and then are sparsified overall, while G2 and G1 are
merged into Buffer2 and sparsified overall. Thus, compared
with Fig. 1(b), the overall iteration time in Fig. 1(c) is further
reduced, owing to the decrease in sparsification time.

E. State-of-the-arts and Their Limitations
We review six state-of-the-art training optimization methods

and their limitations.

HiPress [6]: HiPress improves tensor communication ef-
ficiency by bulk synchronization and selects tensors for
sparsification based on sparsification benefits. Specifically, its
selection relies solely on a theoretical cost model that estimates
the communication time and sparsification time of each tensor.

Espresso [12]: Espresso selects near-optimal sparsification
strategies and offloads sparsification from the GPU to the CPU
to mitigate contention. Specifically, it uses a decision tree to
analyze interactions among tensors and make sparsification
and offloading decisions for each tensor, aiming to maximize
training throughput.

OMGS [17]: OMGS is a typical tensor fusion scheme with
multi-tensor sparsification, which explores the optimal tensor
fusion for backward computation, sparsification, and commu-
nication by formulating an optimization problem to maximize
the overlap between communication and computation.

OkTopk [20]: OkTopk first merges all gradient tensors into
a single buffer for threshold-based sparsification and then uses
a sparse all-reduce algorithm for synchronization. However, its
single-buffer tensor fusion scheme often fails to overlap with
backward computation, resulting in inefficient pipelining.

Cupcake [28]: Cupcake fuses multiple tensors for one
sparsification operation to reduce sparsification overhead, and
determines the provable fusion strategy by balancing the
sparsification overhead and the communication overhead to
improve the training throughput.

SparDL [33]: SparDL combines the reduce-scatter phase
with multiple block-wise sparsification processes in the fusion
buffer to address the sparse gradient accumulation dilemma,
but it does not consider the overlap efficiency between
computations and communications.
Limitations. Despite various optimizations, all the above meth-
ods still have limitations: some incur significant sparsification
overhead due to per-tensor sparsification, others suffer from
convergence degradation caused by multi-tensor sparsification
(see §III-A), and still others exhibit inefficient pipelining
between computation and communication.

III. OBSERVATIONS AND MOTIVATION

We first conduct measurement analysis to provide observa-
tions illustrating the limitation of multi-tensor sparsification
(§III-A) and two insights that help reduce the sparsification
overhead for per-tensor sparsification (§III-B). Finally, we
leverage the insights to motivate our main idea (§III-C).
Measurement setting. We evaluate three representative training
tasks (detailed in §V-A) on a local cluster: ResNet-152 [58]
on Cifar-100 [59], BERT-large [2] on SQuAD [60], and GPT2-
large [4] on WikiText-2 [61]. We adopt DGC [44] as the
sparsification method, setting the density to 0.01.

A. Limitation of Multi-Tensor Sparsification

Observation: compared to per-tensor sparsification, multi-
tensor sparsification significantly trades off convergence
performance for reduced sparsification overhead. We present
our first observation based on the measurement setup. To
characterize varying extents of multi-tensor sparsification, we
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Fig. 2: The sparsification time percentage and convergence accuracy
of two training tasks under different multi-tensor fusion degrees.

Fig. 3: Example of the tensor fusion with per-tensor and multi-tensor
sparsification, density = 25%.

introduce a new metric, the multi-tensor fusion degree, where
fusion degree = 100% indicates that all tensors are fused
into a single buffer, fusion degree = 20% means that only
20% of the tensors are fused. Fig. 2 shows the sparsification
time percentage and convergence performance of per-tensor
and multi-tensor sparsification on two training tasks.

Specifically, for ResNet-152 on Cifar-100, Fig. 2(a) shows
that per-tensor sparsification’s sparsification time accounts for
24.1% of total training time, with a Top-1 accuracy of 71.6%.
In contrast, multi-tensor sparsification’s sparsification time
percentage decreases from 20.9% to 1.7% as fusion degree
increases from 20% to 100%, while Top-1 accuracy drops
correspondingly from 67.4% to 54.7%.

Similarly, for BERT-large, Fig. 2(b) demonstrates that per-
tensor sparsification has a sparsification time percentage of
19.4% with an F1 score of 84.7%. Multi-tensor sparsification,
however, reduces this percentage to as low as 2.6% (at 100%
fusion degree), but its F1 score drops significantly to 66.8%.

Thus, tensor fusion with per-tensor sparsification trades
sparsification overhead for convergence accuracy, whereas
multi-tensor sparsification does the opposite.
Analysis: multi-tensor sparsification’s convergence perfor-
mance degradation is caused by tensor missing, while per-
tensor sparsification always maintains all tensors. We find
that the reason for the decreased convergence performance of
multi-tensor sparsification is tensor missing, in which complete
tensors are randomly excluded during sparsification. Fig. 3
shows the process of tensor fusion with per-tensor and multi-
tensor sparsification. The DNN model includes two-layer
tensors (G2 and G1) with a total of eight elements; each
tensor has four elements (for simplicity, we consider only the
absolute values of all gradient tensor elements). Specifically,
• Per-tensor sparsification: Fig. 3(a) shows that G2 and G1

TABLE I: The tensor missing rate under tensor fusion with per-tensor
and multi-tensor sparsification for two modern DNN models.

Modern
DNN Model Per-Tensor

Multi-Tensor Fusion Degree(%)
20 40 60 80 100

ResNet-152 [58] 0 9.8% 22.8% 47.0% 68.2% 75.6%
BERT-large [64] 0 8.6% 24.0% 42.5% 66.5% 81.2%
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Fig. 4: The comparison of sparsification latencies across different
sparsification algorithms.

are first independently sparsified with density=0.25. Then,
the sparsified G̃2 and G̃1 are merged into the fusion buffer.

• Multi-tensor sparsification: Fig. 3(b) shows that G2 and G1

are first merged, and sparsification is then performed on the
tensors of the entire fusion buffer.
We observe in Fig. 3 that the elements of G2 have larger

magnitudes (i.e., absolute values) than those of G1, which is
common in real systems where different tensors have varying
distributions [13], [50], [62]. In this case, Fig. 3(a) shows that
under per-tensor sparsification, each tensor retains at least one
element for gradient synchronization; in contrast, Fig. 3(b)
shows that under multi-tensor sparsification, G1 is not selected
at all, which we call tensor missing.

Tensor missing prevents certain layer gradients from being
synchronized across nodes, causing parameters to miss part of
the global updates and thus degrading convergence. A recent
study [63] also observes that the sparsification with all layer
tensors fused yields lower convergence accuracy than the one
without fusion between layer tensors, because, as stated in [63],
the former fails to transmit certain tensors. This observation
in [63] is consistent with our analysis, confirming that the
convergence degradation is due to missing tensors.

To validate the finding in Fig. 3, Table I shows the tensor
missing rate under per-tensor and multi-tensor sparsification
on two training models, defined as the ratio of the number of
tensors missed due to fusion to the total number of gradient
tensors. As shown, both models exhibit a tensor missing rate of
0 under per-tensor sparsification. In contrast, for multi-tensor
sparsification, the tensor missing rates range from 9.8% to
75.6% and 8.6% to 81.2% across the two models as the fusion
degree increases from 20% to 100%.

Due to multi-tensor sparsification’s significantly reduced
high accuracy, it is natural to revisit per-tensor sparsification
for its high accuracy. Thus, our main goal is to directly reduce
the sparsification overhead for per-tensor sparsification.

B. Insights

To achieve the main goal (sparsification efficiency) stated
above in §III-A, we investigate how the tensor size impacts
the sparsification overhead and how the tensors of different
sizes are distributed. We observe the following two insights:



TABLE II: The number and size proportion of small and large tensors
in modern DNN models.

Modern
DNN Model

Small Tensors (≤ 200 KB) Large Tensors (> 200 KB)
Number(%) Total Size(%) Number(%) Total Size(%)

ResNet-152 72.38 2.37 27.62 97.63
ViT-large 62.76 0.11 37.24 99.89

BERT-large 62.66 0.10 37.34 99.90
GPT2-large 66.51 0.08 33.49 99.92

Insight #1: Small tensors still have non-negligible spar-
sification latency relative to large tensors. To study the
sparsification overhead impacted by different tensor sizes, we
give an observation in Fig. 4, which shows the sparsification
latencies with five representative sparsification algorithms
(DGC [44], Gaussiank [22], Redsync [23], SIDCo [24], and
Randomk [65]). We find that sparsification latency does not
scale linearly with tensor size; for small tensors, it instead
approaches a roughly constant value. For example, under the
DGC algorithm, tensors smaller than 100 KB have a latency of
about 0.85 ms, while those between 100 KB and 1 MB incur
latencies ranging from 0.85 ms to 1.06 ms. Such latencies make
sparsification relatively expensive for small tensors.
Insight #2: Small tensors account for a high proportion
in number, but only occupy a small proportion of the
total size of all tensors. Table II shows the number and size
proportion of small and large tensors. We define a gradient
tensor with fewer than 102,400 elements as a small tensor
(approximately 200 KB); otherwise, it is a large tensor. This
threshold is a heuristic to motivate our idea; the actual cutoffs
are determined via online profiling in our design (§IV-B). We
can see that small tensors account for 72.38%, 62.76%, 62.66%,
and 66.51% of the total number of tensors in the four models,
but only 2.37%, 0.11%, 0.10%, and 0.08% of their total size.

The above two insights imply that not selecting small
tensors that have a high number proportion and non-negligible
sparsification latency for sparsification can significantly reduce
sparsification overhead, while leading to little impact on data
transmission due to the small total size of small tensors.

C. Motivation

As stated in §III-A, the limitation of multi-tensor sparsifi-
cation makes us revisit per-tensor sparsification for no tensor
missing; as stated in §III-B, per-tensor sparsification’s high
sparsification overhead can be reduced by not sparsifying
some small tensors. This motivates us to only select large
tensors to perform individual sparsification while leaving small
tensors unsparsified, which is called tensor fusion with selective
sparsification, so as to reduce sparsification overhead while
avoiding tensor missing for high accuracy.
Main idea: Therefore, we propose SSFusion, a selective
sparsification tensor fusion mechanism, whose main idea is to
selectively sparsify certain large tensors while excluding small
tensors from individual sparsification during tensor fusion,
instead of the existing mechanism that sparsifies multiple
tensors together (multi-tensor sparsification).

To verify the effectiveness of the main idea, Fig. 5 compares
per-tensor, multi-tensor, and selective sparsification (where only
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Fig. 5: Iteration training time and normalized convergence accuracy
of tensor fusion with different sparsification schemes.

tensors larger than 200 KB are selected for sparsification as in
Insight #2) in terms of iteration time and convergence accuracy.
The non-sparsification baseline is used as the normalized
convergence accuracy (i.e., set to 1).

We can see that selective sparsification outperforms per-
tensor sparsification in iteration time and multi-tensor sparsifi-
cation in convergence accuracy. As shown in Fig. 5, selective
sparsification achieves iteration times of 0.6s, 0.75s, and 0.81s
for the three models, which are close to those of multi-tensor
sparsification and lower than those of per-tensor sparsification
(0.82s, 0.95s, and 0.99s). In terms of convergence, selective
sparsification improves accuracy over multi-tensor sparsification
by 32.4%, 19.3%, and 28.5%, while remaining comparable to
both the baseline and per-tensor sparsification. For GPT2-large
on WikiText-2, lower perplexity indicates higher accuracy.
Analysis. While existing approaches [6], [12] also employ selec-
tive sparsification to reduce sparsification overhead, SSFusion
fundamentally differs in its selection objective. Specifically,
(i) HiPress [6] relies on a static, theoretical cost model
of communication and sparsification times to estimate the
benefit for each tensor, without considering overall system-
level performance optimization; (ii) Espresso [12] analyzes
tensor-level interactions to maximize training throughput using
a decision tree and offloads sparsification to the CPU to mitigate
GPU contention, but it does not support tensor fusion, which
incurs significant communication startup overhead; and (iii) To
our knowledge, SSFusion is the first to systematically select
tensors for optimizing fusion-level pipelining performance
at the system level. Despite SSFusion ’s promise, a more
detailed elaboration of its fusion-level pipelining design remains
unexplored and will be presented in §IV.

IV. SSFusion DESIGN

In this section, we design SSFusion based on the main idea
in §III-C with the design goals as follows:

• Optimizing selective sparsification: SSFusion optimizes
its selective sparsification under tensor fusion via maximizing
the overlap between the computation and communication
time as well as adjusting sparsification density (§IV-B).

• Accelerating sparsification process: SSFusion extends
to SSFusion-O that employs an efficient sparsification
offloading scheme to speed up the sparsification (§IV-C).

• Improving communication efficiency: SSFusion also
extends to SSFusion-I that employs an interleaved com-
munication scheme to combine All-Reduce and All-Gather
to improve sparse communication efficiency (§IV-D).



Fig. 6: Overview of SSFusion framework.

A. System Overview

We outline the system design as follows. As shown in Fig. 6,
the framework comprises three major modules: a tensor fusion
and selective sparsification module (i.e., basic SSFusion in
§IV-B), a sparsification offloading module (i.e., SSFusion-
O in §IV-C), and an interleaved communication module (i.e.,
SSFusion-I in §IV-D). Based on our framework, users can
efficiently sparsify and synchronize gradients. First, selected
gradient tensors are sparsified and merged into a fusion buffer
during the backward pass. Second, the sparsification of large
tensors in the fusion buffer is selectively offloaded to the CPU
to overlap with backward computation. Third, the fusion buffer
is separated into an unsparsified one and a sparsified one to
enable interleaved All-Reduce and All-Gather communication.
Various time estimation. To specify the above design modules,
we describe how various time costs of the design processes
are estimated as follows.
Computation time T l

b: T l
b is the backward computation time of

l-th layer tensor. We collect execution traces of DNN training
for 100 iterations without tensor fusion or sparsification to
capture each tensor’s computation start and end times, and
then average the computation time across iterations.
Communication time T l

cm: T l
cm is the communication time of

l-th layer tensor. As stated in §II-B, we can estimate the
communication time via Equation (1) based on the startup
overhead (α) and per-byte transfer cost (β). We measure α
and β offline based on the system configurations, such as
tensor sizes, communication schemes, the number of GPUs,
and network bandwidth.
Sparsification time Tgpu: T l

gpu is the GPU-based sparsification
time of l-th layer tensor. We estimate the sparsification time for
tensors of various sizes on different compute resources (CPU
or GPU) by profiling all possible tensor sizes from model
training traces. Each operation is repeated multiple times, and
the averaged results are used in the cost model.

B. SSFusion: Tensor Fusion with Selective Sparsification

Despite the promise of selective sparsification, determining
which tensors to sparsify individually under tensor fusion for
optimal training efficiency remains challenging. To address
this gap, we first analyze the overlap between computation and
communication in tensor fusion with per-tensor sparsification.
Analysis of computation-communication overlap in tensor
fusion with per-tensor sparsification. As described in §III-C,

(a) Per-tensor sparsification

(b) Selective sparsification

Fig. 7: The process of (a) per-tensor sparsification and (b) selective
sparsification for SSFusion.

we perform per-tensor sparsification to avoid tensor missing,
with each tensor being sparsified individually before fusion.
However, frequent sparsification significantly increases the
computation time of each fusion buffer, which results in
incomplete overlap between the current buffer’s computation
and the previous buffer’s communication.

As shown in Fig. 7(a), tensor fusion with per-tensor
sparsification increases the computation time Tcomp in both
Buffer1 and Buffer2, resulting in incomplete overlap with
communication and thereby delaying training.
Design idea. Therefore, we think a good selective sparsification
should aim to maximize the overlap between the computation
during the current fusion buffer and the communication of the
previous one, to achieve optimal training performance.

This motivates selective sparsification to exclude some small
tensors from sparsification in the fusion buffer until the previous
buffer’s communication time slightly exceeds or matches the
current buffer’s computation time.
Overlap-maximized selection. Based on the design idea, we
design an overlap-maximized selective sparsification scheme
with the following two steps:
Step-1: Initialization. We first fix the size of the i-th fusion
buffer (denoted by Ni, 1 ≤ i ≤ M ) and the number of
fusion buffers (denoted by M ) according to FindOptFusion
function in a state-of-the-art work Cupcake [28], which is
proved to ensure that training time is minimized. We then
flatten the l-th layer’s tensor Gl (1 ≤ l ≤ L) into a vector and
apply a sparsification algorithm [44] to select elements whose
absolute values exceed a given threshold (i.e., density = 0.01),
where L is the number of all layer gradients of the DNN model.
Next, we merge the sparsified gradient G̃l into Bufferi. When
Bufferi is full (i.e.,it has Ni tensors), we start the next
merging of Bufferi+1.
Step-2: Optimization. To optimize selective sparsification, we
start from the smallest gradient tensors, and progressively ex-
clude sparsification of small gradient tensors in the fusion buffer
until the overlap between the current buffer’s computation time
and the previous buffer’s communication time is maximized.



Specifically, for Ni tensors in the i-th buffer, the process
involves three steps: (i) we first sort these tensors by ascending
size; (ii) we calculate this buffer’s computation time (sum of
backward and sparsification time) and the previous buffer’s
communication time; (iii) we progressively exclude the spar-
sification of the l′-th tensor (1 ≤ l′ ≤ Ni) in the i-th buffer
until the following equation becomes satisfied,

T i−1
cm ≥

Ni∑
j=1

(
T j
b + T j

gpu

)
, 2 ≤ i ≤ M, (2)

where T i−1
cm denotes the communication time of the previous

fusion buffer,
∑Ni

j=1

(
T j
b + T j

gpu

)
is the computation time

including the backward computation time (T j
b ) and the GPU-

based sparsification time (T j
gpu) of all tensors in the Bufferi.

The above process achieves maximum overlap because if we
proceed to the next tensor sparsification, the computation time
will decrease, while the computation time remains unchanged,
resulting in overall decreased overlap.

Fig. 7(b) illustrates the selective sparsification process in the
fusion buffer. We (i) sort the tensors in each fusion buffer from
smallest to largest, for example, the tensors in Buffer2 are
sorted as [G3, G1, G2] and the tensors in Buffer1 are sorted
as [G7, G5, G4, G6], (ii) perform selective sparsification from
the last buffer to the first one by calculating the Buffer2’s
computation time T 2

comp, and Buffer1’s communication time
T 1
cm, and (iii) gradually exclude the sparsification of small

tensors G3 and G1 in Buffer2 until T 1
cm is greater than or

equal to T 2
comp via Equation (2).

Density-aware sparsification. Although excluding small ten-
sors from sparsification in the fusion buffer can reduce
sparsification overhead, this choice still prolongs transmission
time. To address this, we deliberately decrease the sparsification
density of large tensors to compensate for the negative impact
of non-sparsifying small tensors. To this end, we propose a
density-aware sparsification method that dynamically adjusts
the sparsification density of large tensors to ensure that the
compensation works.

Specifically, the process involves four steps: (i) it first
computes the number of gradient elements; (ii) it then computes
the number of elements selected via selective sparsification;
(iii) it calculates the difference between the above two numbers
(i.e., the negative impact of non-sparsifying small tensors); (iv)
it adjusts the sparsification density of large tensors until the
difference approaches zero.

To avoid over-sparsification [6], we set the lower bound
of the density to 0.001, which is confirmed to ensure high
convergence accuracy [6], [44]. This bound ensures that no
tensor is overly sparsified, thereby preserving convergence and
making the method robust across different models.
Online profiling. We perform online profiling during the first
five warm-up iterations to identify tensors for sparsification
by sorting all tensors in terms of their size. We progressively
exclude small tensors, and then record their names in the
configuration. In subsequent iterations, tensor selection directly
determines the large tensors for the sparsification via the

TABLE III: CPU-based and GPU-based sparsification times with the
DGC [44] sparsification algorithm for different tensor sizes.

Methods
Sparsification Time (ms)

10 KB 100 KB 1000 KB 10,000 KB
GPU-based Spars. 0.85 0.89 1.06 1.82
CPU-based Spars. 1.49 1.81 3.22 8.74

(a) Simple per-tensor sparsification offloading

(b) Sparsification offloading in SSFusion

Fig. 8: Comparison of two sparsification offloading schemes, with
sparsification of G5, G4, G2, and G1 excluded in (b).

configuration without sorting, incurring negligible overhead in
the total training time (see Experiment 8 in §V-B).

C. SSFusion-O: Sparsification Offloading in SSFusion

Issue of simple per-tensor sparsification offloading. While
GPU-based sparsification is generally faster than CPU-based
sparsification [12], the former competes with training for GPU
resources [66], whereas the latter does not. To mitigate this
contention, recent studies have offloaded sparsification to CPUs
[12]. However, we observe that CPU-based sparsification is
much slower, with the gap widening as the tensor size increases.
As Table III shows, when tensor sizes range from 10 KB to
10,000 KB, CPU sparsification time increases by 75.3% to
380.2% compared to GPU sparsification.

However, simply offloading each tensor’s sparsification to
the CPU during tensor fusion can block the sparsification of
subsequent tensors, delaying their fusion and thus reducing
overall training efficiency. As illustrated in Fig. 8(a), CPU-
based sparsification of G6 blocks that of G5 and G4, which
delays the fusion and communication of Buffer1. Similarly,
the sparsification of the G3 also blocks that of G2 and G1,
delaying the fusion and communication of Buffer2.
Insight into sparsification offloading benefit from SSFusion.
Fortunately, SSFusion provides an opportunity to offload
sparsification from the GPU to the CPU. This is because SSFu-
sion selectively skips the sparsification of some small tensors,
thereby reducing contention among offloading operations for
multiple adjacent tensors.
Design details. Guided by the above insight, we design
SSFusion-O, an efficient sparsification offloading scheme
for SSFusion, which selectively offloads the sparsification of
large tensors to the CPU without compromising tensor fusion



efficiency. Specifically, SSFusion-O realizes this objective
through three key steps:
Step-1: Selecting tensors for sparsification offloading. First,
we only select those tensors that can produce overlaps be-
tween CPU sparsification and GPU backpropagation after
their sparsification offloading, as these overlaps indicate the
beneficial potential for pipelining. Specifically, we denote the
time interval from the start of backpropagation of the first
tensor in the i-th fusion buffer to the completion of Gl′ ’s CPU-
based sparsification by T l′

offload (1 ≤ l′ < Ni), and ensure
that T l′

offload does not exceed the total computation time of
all Ni tensors in the buffer, i.e.,

∑Ni

j=1T
j
b , where T j

b denotes
the backward computation time of the j-th tensor (§IV-A).
Step-2: Copying gradient tensor from GPU to CPU memory.
To enable CPU-based sparsification, we asynchronously copy
tensors from GPU to CPU memory without disrupting the
training process. Specifically, we first pre-allocate host CPU
memory to hold the tensor. The gradient tensor is then copied to
CPU memory in a pipelined manner via CUDA streams, using
PyTorch’s copy_() function with the non_blocking flag
enabled to avoid interfering with training.
Step 3: Performing CPU-based asynchronous sparsification.
To prevent resource contention between sparsification and
backpropagation, CPU-based sparsification runs on a separate
asynchronous thread, independent of GPU backpropagation.
This decoupling avoids training stalls caused by sparsifica-
tion. Once sparsification completes, the sparsified tensor is
asynchronously copied back to GPU memory.

Fig. 8(b) illustrates the sparsification offloading process of
SSFusion-O: First, we sequentially select large tensors to be
sparsified in each fusion buffer, e.g., G3 in Buffer2, G7 and
G6 in Buffer1. We then compute their CPU sparsification
timestamps T 3

offload, T 6
offload and T 7

offload. If T 3
offload pre-

cedes Buffer2’s computation completion, G3 can be copied to
CPU memory for asynchronous sparsification without delaying
training. The same procedure is applied to G6 and G7.

D. SSFusion-I: Interleaved Communication in SSFusion

Issue of common communication primitive for sparsification.
Existing state-of-the-art sparsification schemes [17], [20], [28],
[42] typically rely solely on the All-Gather communication
primitive to synchronize sparsified tensors. However, we
observe that SSFusion, similar to these schemes, incurs
substantial All-Gather communication overhead, which grows
markedly with the number of training nodes.

As illustrated in Fig. 9, we measure the per-iteration
communication time for synchronizing tensors of identical
size in two training models across multiple GPU clusters. The
results show that All-Gather communication time increases
linearly with the number of GPUs, rising from 1.24s to 12.02s
and from 2.96s to 28.09s as the GPU count grows from 8 to
64 in the two models.

We analyze the communication complexity of the All-Gather
primitive [5], [67], denoted as TAG, which is given by:

TAG = (P − 1)α+ (P − 1)Dβ, (3)
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Fig. 9: Comparison of communication time of each iteration using
All-Gather and All-Reduce.

where P is the number of training workers, α is the network
latency per tensor, β is the transfer time per byte, and D is
the tensor size, assuming a ring-based All-Gather. The formula
shows that All-Gather overhead grows linearly with P . Thus,
relying exclusively on All-Gather to synchronize tensors in the
fusion buffer would impose considerable communication costs.
Insight into communication benefit from SSFusion. Another
typical communication primitive is All-Reduce, whose com-
munication cost is significantly lower than that of All-Gather.
As shown in Fig. 9, when the number of GPUs scales from
8 to 64, the All-Reduce communication time increases only
marginally—from 0.15s to 0.35s and 0.52s to 0.91s for the
two training models, respectively.

The communication complexity of the All-Reduce primitive,
denoted as TAR, is given by:

TAR = 2(P − 1)α+ 2
P − 1

P
Dβ, (4)

where All-Reduce only increases the communication startup
overhead. Similarly, the analysis assumes the ring-based All-
Reduce algorithm. Unfortunately, the underlying implementa-
tion of All-Reduce does not support sparse gradient tensors
and imposes constraints that input tensors must have identical
data types and shapes [34], [42], [68].

Interestingly, SSFusion’s selective sparsification mechanism
enables the fusion buffer to accommodate both sparsified
(sparse) and unsparsified (dense) tensors concurrently. Lever-
aging this capability, sparsified tensors can be processed via
All-Gather, while unsparsified tensors can be handled using
All-Reduce, thus enhancing communication efficiency.
Design idea. Building on these insights, SSFusion introduces
an interleaved communication framework, SSFusion-I. It first
separates each fusion buffer into an unsparsified buffer and a
sparsified buffer according to selective sparsification (§IV-B)
and then interleaves All-Reduce for dense tensors with All-
Gather for sparse tensors, exploiting their complementary
communication efficiencies.
Separating fusion buffers. To achieve optimal interleaved
communication, we separate each fusion buffer into an unspar-
sified buffer (BufferAR) and a sparsified buffer (BufferAG)
by minimizing the sum of computation time (T1) and commu-
nication time (T2) for each buffer. Specifically,
Step-1: Assigning each tensor to BufferAR or BufferAG.
When merging the l′-th tensor Gl′ (1 ≤ l′ ≤ Ni) into Bufferi
(1 ≤ i ≤ M ), we first check whether it is sparsified. If it
is unsparsified, we assign it to BufferiAR; otherwise, it is
assigned to BufferiAG.



(a) SSFusion performs only All-Gather

(b) SSFusion performs interleaved All-Reduce and All-Gather

Fig. 10: Example of SSFusion’s training timeline using only All-
Gather vs. interleaved All-Reduce and All-Gather.

Step-2: Calculating T1 and T2. Every time assigning the tensor
Gl′ , we calculate T1 and T2 of the buffer the tensor resides.
• Computation time (T1): T1 is defined as the sum of

backward time (T j
b ) and the GPU-based sparsification

time (T j
gpu) for all tensors before Gl′ in Bufferi, i.e.,

T1 =
∑l′

j=1

(
T j
b + T j

gpu

)
.

• Communication time (T2): T2 consists of the All-
Reduce time T i

AR for BufferiAR and the All-Gather
time T i

AG for BufferiAG. T i
AG begins after either T i

AR

completes or after the computations of all tensors in
the separated BufferiAG finish. Accordingly, T2 =

Max
(
T i
AR,

∑Ni

j=l′+1

(
T j
b + T j

gpu

))
+ T i

AG.
Step-3: Minimizing T1+T2. We sequentially assign each tensor
in the fusion buffer until finding Gl′ that minimizes T1+T2. The
resulting separated buffers, BufferiAR and BufferiAG, are
then employed to enable optimal interleaved communication.
Interleaved All-Reduce and All-Gather communication.
The process involves three steps: (i) For each fusion buffer,
we obtain the separated buffers (denoted as BufferAR and
BufferAG) that minimize the sum of time costs T1 + T2; (ii)
For each fusion buffer, we repeatedly perform an interleaving
process of an All-Reduce communication on BufferAR and
an All-Gather communication on BufferAG; (iii) Once the
interleaved communications are completed, we decompress
the synchronized result in BufferAG, while the result from
BufferAR remains unchanged.

As illustrated in Fig. 10(a), Buffer1 and Buffer2 contain
both sparsified and unsparsified tensors. When SSFusion uses
only All-Gather for communication on each fusion buffer, it
incurs significant communication overhead. In contrast, Fig.
10(b) shows that SSFusion-I first determines the optimal
separation of Buffer1 into Buffer1AR for All-Reduce and
Buffer1AG for All-Gather by minimizing the T1 + T2. Inter-
leaving All-Reduce and All-Gather then significantly reduces
communication time compared to Fig. 10(a).

E. Discussion

Generalizability of SSFusion-O and SSFusion-I. For
SSFusion-O, its performance benefits can be fully leveraged
under any CPU-to-GPU power ratio. This is because for any
given ratio, tensors are offloaded from GPU to CPU only if

TABLE IV: Tasks, models and datasets used for evaluation.

Training Tasks Models Model Size Datasets

Image
Classification

ViT-large [64] 1.2 GB ImageNet [69]
ResNet-152 [58] 230 MB ImageNet [69]
ResNet-152 [58] 230 MB Cifar-100 [59]

VGG-19 [70] 548 MB Cifar-100 [59]

Natural Language
Processing

GPT2-large [4] 3.2 GB WikiText-103 [71]
LSTM [61] 328 MB WikiText-2 [71]

BERT-large [2] 1.32 GB SQuAD [60]
BERT-base [2] 420 MB SQuAD [60]
GPT2-XL [4] 6 GB WikiText-103 [71]

BLOOM-3B [72] 12 GB WikiText-103 [71]

their CPU sparsification can overlap with GPU backpropagation
(Step-1 in §IV-C), reflecting the potential benefits of pipelining.

For SSFusion-I, its performance benefits are expected to be
more pronounced than those of SSFusion without interleaved
communication in slower Ethernet networks. This is because
the former transfers only part of the tensors via All-Gather,
whereas the latter transfers all tensors via All-Gather. Since All-
Gather typically incurs higher communication overhead than
All-Reduce (§IV-D), reducing the number of tensors transmitted
via All-Gather leads to better communication performance.
GPU-CPU data transfer overhead. Although GPU–CPU
data transfers can introduce PCIe I/O overhead, this overhead
is limited in our system for two reasons: (i) we use a high-
bandwidth PCIe Gen4 interface (§V-A), which substantially
mitigates the transfer bottleneck, and (ii) we selectively offload
only large tensors whose CPU sparsification can overlap
with GPU backpropagation, instead of transferring all tensors
(§IV-C). Nevertheless, in more general settings or on less
advanced infrastructures, PCIe I/O overhead may still become
a bottleneck, which we plan to address in future work.

V. EVALUATION

A. Experiment Setup

Testbed. We carried out our experiments on two testbeds: 1) a
cloud cluster with 64 GPUs across 16 nodes, connected with
200 Gbps InfiniBand. Each node has two 32-core EPYC 7543
CPUs and 4 NVIDIA A100 (80 GB); 2) a local cluster of 8
nodes, each of which is equipped with one NVIDIA V100S
(32 GB), two 12-core Intel XEON Silver 4214 CPUs, and all
nodes are connected by a 100 Gbps InfiniBand.

Each machine runs Ubuntu 20.04 and includes CUDA 12.0,
NCCL-2.8.3, OpenMPI-4.0.3, Horovod-0.28.1, and PyTorch-
2.3.0. Within each node, GPUs are connected to host memory
and to each other via PCIe Gen4.
Workloads. Our evaluation encompasses nine widely-used
DNN models, comprising three image classification models
and four natural language processing models, which are listed in
Table IV. We set batch sizes and learning rates across different
models similar to the studies [2], [6], [12], [17]. Following
prior work [28], we apply DGC [44] with 1% sparsification
density (i.e., compression rate) to the training.
Comparative approaches. To establish a comprehensive bench-
mark, we compare SSFusion with state-of-the-art sparsification
schemes such as HiPress [6] and Espresso [12], as well as
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Fig. 11: Experiment 1: Throughput of different DNN training tasks on a cloud cluster with 200 Gbps cross-machine Infiniband.

state-of-the-art tensor fusion approaches with sparsification,
including OkTopk [20], OMGS [17], SparDL [33], and Cupcake
[28], which are detailed in §II-D.
SSFusion settings. For §V-B Experiment 1, we compare
three versions of SSFusion: SSFusion(Naive), which per-
forms the basic selective sparsification (§IV-B); SSFusion-O,
which extends SSFusion(Naive) with sparsification offloading
(§IV-C); SSFusion-(O+I), which extends SSFusion-O with
interleaved communication (§IV-D). For Experiments 2–7, we
use SSFusion to denote SSFusion-(O+I) for short.

B. Experiments

Experiment 1 (Training throughput): We evaluate the training
throughput of SSFusion and other state-of-the-art schemes
on real-world training tasks listed in Table IV, conducted on
a cloud cluster. Fig. 11 shows that the training throughput
achieved by SSFusion-(O+I) on the four training tasks is
much higher than that of the other schemes. We see that:
Image classification: Fig. 11(a) and Fig. 11(b) for ResNet-152
and ViT-large on ImageNet, respectively, show that the training
throughput of SSFusion-(O+I) outperforms other state-of-the-
art methods by 28.7%-74.2% and 35.8%-89.5%, respectively,
versus different GPU cluster sizes.
Natural language processing: For BERT-large on SQuAD, Fig.
11(c) shows that SSFusion-(O+I) improves training throughput
by 29.1%-106.7% compared to state-of-the-arts, versus different
GPU cluster sizes. Fig. 11(d) for GPT2-large on WikiText-103,
shows that SSFusion-(O+I) improves training throughput by
27.5%-84.1%, versus different GPU cluster sizes.
Effectiveness of various optimizations: We evaluate the indi-
vidual performance gains of the various optimization schemes
introduced in the three versions of SSFusion: SSFu-
sion(Naive), SSFusion-O, and SSFusion-(O+I).

As shown in Fig. 11, SSFusion(Naive) outperforms HiPress
by 14.8%-26.2% on four training tasks. This means that SS-
Fusion(Naive) reduces sparsification overhead and maximizes
communication-computation overlap through tensor fusion
with selective sparsification. Compared to SSFusion(Naive),
SSFusion-O improves the training throughput by 8.2%-12.7%.
This is because SSFusion-O further reduces sparsification
overhead by offloading large tensors in SSFusion(Naive)
to the CPU. Compared to SSFusion-O, SSFusion-(O+I)
improves the training throughput by 54.5%-64.0% on four
training tasks. This implies that SSFusion-(O+I)’s interleaved
communication scheme avoids the inefficiency of sparse
communication caused by using only All-Gather.

Analysis: We elaborate on SSFusion-(O+I)’s benefits over
other state-of-the-arts and analyze the reasons behind.

(1) SSFusion-(O+I) and SSFusion-O improve training
throughput by 66.9%–106.7% and 22.6%–40.1% over HiPress,
respectively. HiPress selects tensors for sparsification based on
their sparsification benefits and synchronizes them in batches,
but its layer-wise sparsification and poor communication-
computation overlap limit training efficiency.

(2) SSFusion-(O+I) achieves 51.7%-89.3% higher training
throughput than OkTopk and SparDL. OkTopk merges all
tensors into a single fusion buffer and adds operations to
balance gradients across workers, causing poor communication-
computation overlap and high latency. SparDL mitigates the
sparse gradient accumulation dilemma by partitioning and
packing, but incurs additional computational overhead.

(3) The training throughput of SSFusion-(O+I) and
SSFusion-O outperforms Espresso by 41.5%–68.7% and
8.9%–21.4%, respectively. While Espresso reduces sparsifi-
cation overhead by selectively offloading tensors to the CPU
for sparsification via decision algorithms, its lack of tensor
fusion support leads to inefficient communication.

(4) Training throughput of SSFusion-(O+I) is 27.5%-65.4%
higher than that of OMGS and Cupcake. Although both
OMGS and Cupcake employ tensor fusion with multi-tensor
sparsification to reduce sparsification overhead, their use of
All-Gather alone still limits training throughput.

(5) SSFusion-(O+I) achieves the best performance. It
employs selective sparsification and sparsification offloading to
reduce sparsification overhead and maximize communication-
computation overlap, while interleaved communication further
improves communication efficiency. SSFusion-(O+I) scales
effectively across clusters with different numbers of GPUs.
Experiment 2 (End-to-end convergence performance): We
evaluate the end-to-end convergence performance of four
training tasks on a local cluster. To ensure fairness, all methods
are trained with the same number of epochs and sparsification
density. As shown in Fig. 12, SSFusion achieves convergence
accuracy close to Baseline (non-sparsification) and outperforms
other multi-tensor sparsification schemes. We see that:
Image classification: Fig. 12(a) and 12(b) show that the Top-1
accuracy of SSFusion achieves 72.3% and 67.1%, which are
slightly lower than that of Baseline (i.e., 73.6% and 70.0%),
but higher than other multi-tensor sparsification methods.
Specifically, OkTopk, SparDL, OMGS, and Cupcake achieve
62.1%, 67.5%, 68.3%, and 68.1% on ResNet-152, and 54.3%,
61.2%, 60.2%, and 60.8% on VGG-19.
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Fig. 12: Experiment 2: Convergence performance of different DNN training tasks on a local cluster with 100 Gbps cross-machine Infiniband.
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Fig. 13: Experiment 3: Training time breakdown for different tensor
fusion schemes on two training tasks.

Natural language processing: Fig. 12(c) shows that SSFusion
achieves a Perplexity of 106, close to the Baseline(102) and
lower than OkTopk (159), SparDL (121), OMGS (131), and
Cupcake (130). Note that the smaller the Perplexity, the higher
the prediction accuracy of LSTM. Fig. 12(d) shows SSFusion
achieves an F1 score of 86.5%, close to the Baseline (87.2%),
while OkTopk, SparDL, OMGS, and Cupcake achieve 76.8%,
79.8%, 82.9%, and 80.5%, respectively.
Analysis: The reasons behind this can be analyzed and are
summarized as follows:

(1) Existing multi-tensor sparsification methods, such as
OkTopk, SparDL, OMGS, and Cupcake, apply sparsification
to all fused tensors in the fusion buffer, which leads to missing
tensors and degrades convergence accuracy.

(2) HiPress and Espresso achieve the same high convergence
accuracy as SSFusion because both employ layer-wise gradient
sparsification, which does not impact the convergence accuracy
of their original algorithms. SSFusion performs sparsification
on each tensor independently before fusion, avoiding missing
tensors and ensuring convergence accuracy.

(3) Compared to other state-of-the-art approaches, SSFusion
also reduces end-to-end training time by 12.5%–74.1% by
reducing sparsification overhead through tensor fusion with
selective sparsification and by improving communication
efficiency via interleaved communication.
Experiment 3 (Training time breakdown): To better illustrate
how SSFusion improves training efficiency, we break down
the iteration time into four components: forward, backward,
sparsification, and communication. Fig. 13(a) and 13(b) show
the iteration time breakdown for ResNet-152 and BERT-
large on a cloud cluster, respectively. SSFusion reduces
communication time by 61.7% and 55.4% compared with
HiPress, by 65.5% and 57.8% compared with OkTopk, by
33.4% and 40.0% compared with SparDL, by 54.5% and 47.3%
compared with Espresso, by 42.5% and 44.2% compared with
OMGS, and by 33.0% and 37.6% compared with Cupcake.

Despite using bulk synchronization to improve training
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Fig. 14: Experiment 4: Training performance comparison using
different sparsification methods.

efficiency, HiPress suffers from an unoptimized communi-
cation–computation pipeline, leading to low communication
efficiency. OkTopk merges all tensors and communicates them
together, which limits pipelining efficiency. Although SparDL
uses the spar-reduce-scatter algorithm to reduce communication
time compared to OkTopk, its partitioning and packaging
increase backpropagation cost. Without tensor fusion, Espresso
suffers from significant communication startup overhead.
OMGS and Cupcake overlap computation and communication
by tuning the fusion buffer size, but remain inefficient due to
their reliance on All-Gather. In contrast, SSFusion significantly
reduces communication time by interleaving communication.

In addition, SSFusion reduces sparsification time by 41.9%
and 48.3% on the two training tasks, respectively, compared
to HiPress. This value is very close to those of Espresso,
OMGS, and Cupcake. This is because SSFusion’s tensor
fusion with selective sparsification and offloading can minimize
the sparsification overhead.
Experiment 4 (Impact of different sparsification methods):
We have completed the performance evaluation on the sparsifi-
cation method DGC in Experiment 1 and Experiment 3 and
proved that our SSFusion outperforms the other state-of-the-art
methods. Here, we will compare several sparsification methods
(e.g., Gaussiank [22], DGC [44], RedSync [23], and SIDCo
[24]) and evaluate their performance across state-of-the-art
tensor fusion schemes on a cloud cluster.

Fig. 14 shows the training throughput of HiPress, OkTopk,
SparDL, Espresso, OMGS, Cupcake, and SSFusion on ResNet-
152 and BERT-large using different sparsification methods
with the same settings as in Experiment 1. Overall, SSFu-
sion achieves higher training throughput than other schemes.
Specifically, for ResNet-152 on ImageNet, SSFusion achieves
throughput improvements of 26.5%–102.3%, 23.4%–81.7%,
22.6%–79.8%, and 25.3%–83.9% over the other schemes across
the four sparsification methods. For BERT-large on SQuAD,
SSFusion increases training throughput by 28.8%-86.4%,
27.1%-87.1%, 24.6%-82.0%, and 22.3%-84.6%, respectively,
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Fig. 17: Experiment 7: Training throughput of two large-scale training
models on a cloud cluster with 64 NVIDIA A100 (40GB/80GB) GPUs.

across the four sparsification methods.
Experiment 5 (Impact of sparsification density): Fig. 15
compares the training throughput of HiPress, OkTopk, SparDL,
Espresso, OMGS, Cupcake, and SSFusion on ResNet-152
using different sparsification densities (i.e., density=0.1, 0.05,
and 0.01) with the same settings as in Experiment 1. Compared
to other state-of-the-art tensor fusion schemes, SSFusion
achieves throughput improvements of 36.3%-70.1%, 34.0%-
82.0%, and 25.5%-98.5% when the density is reduced from
0.1 to 0.05 and 0.01, respectively.

We observe that at larger sparsification densities (e.g., den-
sity=0.1), OkTopk and SparDL have higher training throughput
than Espresso and OMGS. The increase in density leads
to the transmission of more sparsified gradients, resulting
in the sparse gradient accumulation dilemma. OkTopk and
SparDL alleviate the above problems by partitioning and
adjusting sparsified tensors, but the additional computation still
limits training efficiency. Nevertheless, SSFusion’s training
throughput remains higher than that of other state-of-the-arts.
Experiment 6 (Impact of network bandwidths): We compare
the training throughput of SSFusion against other state-of-the-
art methods on a cloud cluster with network bandwidths of
10 Gbps, 50 Gbps, and 100 Gbps.

Fig. 16 shows that SSFusion achieves higher training
throughput than other state-of-the-art schemes under differ-
ent bandwidth networks. Specifically, SSFusion improves
throughput by 31.5%–86.1%, 22.7%–63.3%, and 25.5%–98.5%
as the network bandwidth increases from 10 Gbps to 50 Gbps
and 100 Gbps, respectively, compared to other tensor fusion
schemes. This indicates that SSFusion can effectively increase
training throughput in high communication pressure (e.g.,
10 Gbps network).
Experiment 7 (Scalability). In Experiment 1, we evaluate
SSFusion and other state-of-the-art schemes on four models
using cloud clusters with 16, 32, and 64 GPUs. Results show
that SSFusion consistently achieves higher training throughput,
with the performance gap widening as the cluster size increases.

TABLE V: Experiment 8: The ratio of SSFusion’s online profiling
time to the total training time across four DNN models.

Models ResNet-152 ViT-large BERT-large GPT2-large

Overhead Ratio (%) 0.04% 0.06% 0.09% 0.08%

This scalability stems from SSFusion’s low sparsification
overhead and efficient communication.

As shown in Fig. 17, we evaluate SSFusion and other
schemes on two large-scale models, GPT2-XL and BLOOM-
3B, using a cloud cluster with 64 A100 (40 GB/80 GB) GPUs.
The results are consistent with Experiment 1: SSFusion
achieves higher training throughput than state-of-the-art meth-
ods. Specifically, for GPT2-XL on A100 80 GB, SSFusion
improves throughput by 47.5%-109.7% over HiPress, OkTopk,
SparDL, Espresso, OMGS, and Cupcake. For BLOOM-3B on
A100 80 GB, the improvement reaches 53.6%-117.0%. These
results demonstrate that SSFusion maintains its performance
advantages on large-scale models.

We compare the training throughput of SSFusion by
training GPT2-XL on a cloud cluster with A100 40GB GPUs
against that with A100 80GB GPUs. Note that GPT2-XL’s
memory usage (38.2GB) nearly reaches the memory limit in
A100-40GB-GPU clusters. Fig. 17 shows that SSFusion on
A100 40GB GPUs achieves 97% of the throughput on A100
80GB GPUs. This indicates that SSFusion still maintains a
performance benefit under high memory pressure.
Experiment 8 (Online profiling overhead). We also evaluate
the ratio of SSFusion’s online profiling time to total training
time. As shown in Table §V, this ratio is negligible across
the four training models. Specifically, the online profiling time
ratios for ResNet-152, ViT-large, BERT-large, and GPT2-large
are 0.04%, 0.06%, 0.09%, and 0.08%, respectively. These
results indicate that SSFusion’s online profiling time has a
negligible impact on actual training performance.

VI. CONCLUSION

SSFusion proposes a new selective sparsification tensor fu-
sion mechanism for distributed DNN training that addresses the
limitations of high sparsification overhead or low convergence
accuracy caused by existing tensor fusion schemes. SSFusion
also proposes an efficient sparsification offloading scheme to
further speed up sparsification, and an interleaved communi-
cation scheme to improve sparse communication efficiency.
SSFusion improves the training throughput by 27.5%-106.7%
compared to the state-of-the-arts, while maintaining almost the
same convergence accuracy as the non-sparsification baseline.
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