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ABSTRACT
Data-parallel deep neural networks (DNN) training systems de-
ployed across nodes have been widely used in various domains,
while the system performance is often bottlenecked by the com-
munication overhead among workers for synchronizing gradients.
Top-k sparsification compression is the de facto approach to allevi-
ate the communication bottleneck, which truncates the gradient to
its largest 𝑘 elements before sending it to other nodes.

However, we observe that the traditional Top-k still has perfor-
mance issues: i) the gradient at each layer of a DNN is typically
represented as a tensor of multiple dimensions, and the largest
𝑘 elements selected by the traditional Top-k are centered in only
some of all dimensions and hence the training may miss many
dimensions (we call dimension missing), which leads to low conver-
gence performance; ii) the traditional Top-k performs the selection
by globally sorting the gradient elements in each layer (we call
single global sorting), which leads to a low GPU core parallelism
and hence a low training throughput.

In this paper, we propose an all-dimension Top-k sparsification
scheme, called ADTopk, which selects the largest 𝑘 elements from
all dimensions of the gradient tensor in each layer, meaning that
each dimension must provide some elements, so as to avoid the
dimension missing. Further, ADTopk enables each dimension to
perform sorting locally within the elements of the dimension, and

∗Corresponding author: Yuchong Hu, School of Computer Science and Technology,
Huazhong University of Science and Technology, Wuhan, Hubei, China.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.
HPDC ’24, June 3–7, 2024, Pisa, Italy
© 2024 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 979-8-4007-0413-0/24/06. . . $15.00
https://doi.org/10.1145/3625549.3658678

thus all dimensions can perform multiple local sortings indepen-
dently and parallelly, instead of a single global sorting for the entire
gradient tensor in each layer. On top of ADTopk, we further pro-
pose an interleaving compression scheme and an efficient threshold
estimation algorithm so as to enhance the performance of ADTopk.
We build a sparsification compression data-parallel DNN train-
ing framework and implement a compression library containing
state-of-the-art sparsification algorithms. Experiments on a local
cluster and Alibaba Cloud show that compared with state-of-the-art
sparsification compression methods, ADTopk improves the train-
ing throughput by 12.28%-293.49% with approximately the same
convergence accuracy as the non-compression baseline.
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1 INTRODUCTION
Deep neural network (DNN) models have developed significantly
in computer vision and natural language processing in recent years
[6, 10, 15, 40]. To efficiently train DNNmodels over the continuously
growing datasets, high-performance data-parallel DNN training
systems are deployed across nodes to accelerate the training process
of DNNmodels [5, 26, 33]. In a typical setting, each node (orworker)
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has a full copy of model parameters and a subset of the input data.
For each training iteration, eachworker first computes the gradients
based on its own data, and then exchanges parameter updates (i.e.,
gradients) through gradient synchronization strategies, and thus
updates the model parameters.

Despite widely used, data-parallel DNN training systems have
to face the communication problem: frequent gradient exchanges
among multiple workers make communication take up a signif-
icant portion of the overall training time (as high as 90%) [3, 5,
10, 43], which has become one of the major bottlenecks in high-
performance data-parallel DNN training systems [20, 27, 31]. Many
recent works propose gradient sparsification compression tech-
niques [2, 11, 12, 19, 22, 38, 39, 41, 49] to alleviate the communica-
tion problem, among which the Top-k sparsification compression
approach is proved to be one of the most effective compression
methods [30]. The Top-k sparsification can save up to 90% of the
gradient exchanges by only sending the largest 𝑘 elements of the
original gradient to reduce the transmission overhead with a limited
impact on the model convergence [2, 19, 32, 50].

However, we find that the gradient at each layer of a DNN is
typically represented as a tensor of multiple dimensions [7], where
the dimensions are represented as channels or attention heads of
the DNN (see §2.1 for more details), while most existing studies on
Top-k and its variants seldom consider the impact of dimensions on
the model. In this paper, we observe that there exist two challenges
when considering dimensions in the traditional Top-k sparsification
compression (see §3.1 for more details):
Challenge #1 (Dimension missing). Our observation shows that
the traditional Top-k sparsification compression is likely to select
the gradient tensor’s elements which are concentrated in some
of all dimensions, while some other dimensions are often missing
(called dimension missing). Dimension missing of the gradient ten-
sor causes the DNN model to lose the opportunity to learn more
representations from the missing dimensions [21, 35, 43], which
may reduce the convergence performance of the model [1].
Challenge #2 (Single global sorting).Our observation also shows
that the traditional Top-k typically selects the 𝑘 largest elements of
the gradient at each layer by a single global sorting operation on its
elements, which may entail multiple global synchronizations across
GPU cores which causes a low GPU core parallelism (analyzed in
§3.1), thus limiting the training throughput [9].

In this paper, to address the above two challenges, we propose
anAll-Dimension Top-k sparsification compression scheme, called
ADTopk. For Challenge #1, ADTopk selects the largest 𝑘 elements
of the gradient tensor from all dimensions, each of which must
provide some elements to avoid dimension missing. For Challenge
#2, ADTopk allows each dimension to perform a local sorting within
the elements of the dimension, and thus all dimensions can perform
multiple local sortings in parallel to replace the single global sort-
ing. Further, we also propose an interleaving compression scheme
and an efficient threshold estimation algorithm to enhance the
performance of ADTopk. Our contributions include:
• We conduct measurement analysis and give two observations
to show the traditional Top-k sparsification’s two challenges:
dimension missing and single global sorting. We propose ADTopk
which performs sparsification compression on all dimensions
of the gradient at each layer rather than only some dimensions

in the traditional Top-k sparsification to address the above two
challenges (§3).

• We design ADTopk, which leverages its all dimension based gra-
dient selection and realizes two schemes: matrix-based sparsifi-
cation and multiple local sorting, to deal with the challenges of
dimension missing and single global sorting, respectively. Atop
ADTopk, we also propose an interleaving compression scheme
that accelerates model convergence and an efficient threshold
estimation algorithm that reduces the compression overhead (§4).

• We implement a high-performance data-parallel DNN training
framework with a compression library containing our ADTopk
and state-of-the-art gradient sparsification compression meth-
ods (DGC [19], Gaussiank [36], Redsync [12], OkTopk [18], and
SIDCo [22]). We also implement communication libraries (Allre-
duce, Allgather, and our proposed AllgatherFast) to support dif-
ferent sparsification communication schemes (§5). ADTopk is
opensourced at https://github.com/YuchongHu/ADTopk.

• We train six typical DNN models on a local cluster as well as in
Alibaba Cloud. Experimental results show that compared with
state-of-the-art sparsification methods, ADTopk increases the
training throughput by 12.28%-293.49%, while maintaining al-
most the same convergence performance of the non-compression
approach (§6).

2 BACKGROUND AND RELATEDWORK
In this section, we introduce the basic concepts of data-parallel
DNN training (§2.1), discuss some state-of-the-art sparsification
compression methods and analyze their shortcomings (§2.2).

2.1 Data-Parallel DNN Training
DNN model training. A DNN model basically 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 contains 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.
Data-Parallel DNN training. Data-parallel DNN training is often
applied to multiple workers (nodes) to speed up the training of DNN
models [3, 33, 42], and enables each worker to have a complete copy
of the model. In each iteration, the dataset is split into mini-batches
and assigned to different workers, each worker uses the assigned
mini-batch to compute the gradient of each layer, which is then
synchronized with other workers to collectively update the global
model parameters. We denote the parameter updates of the model
during data-parallel DNN training as:

𝑥𝑖,𝑡+1 = 𝑥𝑖,𝑡 − 𝜂
1
𝐾

𝐾∑︁
𝑖=1

𝐺𝑖,𝑡 . (1)

where 𝑥𝑖,𝑡 and𝐺𝑖,𝑡 are the neural network parameter and the gradi-
ent of the 𝑖-th worker in the 𝑡-th iteration, respectively,𝜂 determines
the step size at each iteration (called learning rate), and𝐾 is the num-
ber of workers. Gradient accumulation and averaging ( 1

𝐾

∑𝐾
𝑖=1𝐺𝑖,𝑡 )

across multiple workers is often implemented using a standard
communication library (e.g., Horovod [33]). In this paper, we focus
on data-parallel distributed DNN training on top of Horovod.
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Figure 1: Example of the traditional Top-k sparsification. Note that
some dimensions (e.g.,𝐷3 and𝐷4) aremissing, whichwill be analyzed
in §3.1.

Importance of a gradient’s dimensions. A gradient 𝐺𝑖,𝑡 at each
layer of a DNN is typically represented as a multi-dimensional ten-
sor [7]. Basically, different dimensions of the gradient seek different
features during training; for example, in computer vision, differ-
ent dimensions determined by different channels have their own
importance [21]. Therefore, it is natural that more dimensions of
the gradient allow the model to capture more features, achieving
a higher convergence accuracy; for example, for natural language
processing in translation, more dimensions determined by more
attention heads have lower per-word perplexities (ppl) [43]. In this
paper, the importance of a gradient’s dimensions helps motivate
the main idea of our proposed ADTopk (§3.2).
Performance bottleneck in data-parallel DNN Training. Mod-
ern deep learning models scale rapidly from millions to billions of
parameters [6, 10], and each worker in the data-parallel DNN train-
ing system frequently communicates with each other to exchange
gradients to update themodel parameters. Thus, the increasing com-
munication overhead becomes the main performance bottleneck,
and a common way that decreases the communication overhead
is to apply gradient compression techniques. However, a naive
gradient compression often yields very low convergence perfor-
mance, so many existing studies have focused on high-performance
data-parallel DNN training systems [5, 29, 45], which aim to ensure
higher convergence accuracy for distributed DNN training while
significantly improving the training throughput.

2.2 Gradient Compression
Basics.Many gradient compression algorithms have been proposed
to alleviate the communication bottleneck in high-performance
data-parallel DNN training systems by reducing the transmitted
data during gradient synchronization. The gradient compression
techniques usually have three categories: sparsification [30], quan-
tization [53], and low-rank [44].

Sparsification is a key approach to lower the communication
volume, which leverages the sparsity of the gradient tensor and
selects a subset of its all elements (in terms of the absolute value)
for communication. Many recent studies [2, 13, 19, 29, 30, 36, 39,
49, 52] focus on how to improve the performance of sparsification
compression, and we aim for sparsification with improved accuracy
and training throughput in this paper.
Top-k sparsification compression. For different gradient sparsi-
fication compression techniques, the Top-k sparsification compres-
sion (or Top-k for short) has been proven to be one of the most

effective compression methods [30]. The traditional Top-k process
selects k elements with the largest absolute value (or called mag-
nitude) out of all elements of the gradient while zero-ing out the
rest. As shown in Figure 1, an original gradient 𝐺 , represented as a
4-dimensional tensor, is composed of four dimensions 𝐷1, 𝐷2, 𝐷3
and 𝐷4, each with six elements. After Top-k with 𝑘 = 5, we see that
the original gradient tensor 𝐺 with 24 elements are reduced to a
compressed gradient tensor 𝐺̃ with 𝑘 = 5 elements which have the
largest magnitudes. However, Top-k is a lossy compression that
impairs the training model’s convergence accuracy. Although the
error feedback method mitigates the loss of accuracy, the traditional
Top-k may cause the gradient to lose some important information
(e.g., dimensions of the gradient), making the convergence accuracy
unrecoverable [1, 5, 46].

The traditional Top-k in Pytorch [26] often uses Radix Sort [34] to
select the largest 𝑘 elements. Radix Sort is a linear sorting algorithm
that sorts elements by processing them digit by digit in a way that
distributes the elements into buckets based on each digit’s value;
by repeatedly sorting the elements by their significant digits, from
the least significant to the most significant, Radix Sort achieves
the final sorted order. In this way, the traditional Top-k needs to
performRadix Sort on the dimensions of the gradient repeatedly and
globally, and hence has to entail many synchronizations of multiple
buckets across GPU cores [9], which incurs a large sparsification
compression overhead.

To reduce the sparsification overhead, many state-of-the-art
studies [12, 18, 19, 22, 30, 36] focus on the threshold-based Top-k
sparsification, which only communicates the elements of the gradi-
ent with magnitudes greater than or equal to a fixed given threshold
in each iteration. In contrast to the traditional Top-k, which globally
sorts all elements of the gradient tensor, the threshold-based sparsi-
fication method requires only one traversal. These state-of-the-art
threshold-based sparsification methods are specified as follows:
DGC [19]:DGC samples only 0.1% to 1% of the elements of gradient
to estimate the threshold, but becomes inefficient if the number
of gradient elements is large, since it requires to invoke selection
twice on the subsets of the original gradient.
Gaussiank [36]:Gaussiank regards the gradient at each iteration as
a normal distribution and estimates the threshold by exploiting the
percent point function, but how to accurately adjust the threshold
is difficult and hence incurs additional computational overhead,
since Gaussiank does not fit an exact normal distribution.
Redsync [12]: Redsync 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 and
needs to be adjusted frequently.
SIDCo [22]: SIDCo is similar to Gaussiank and periodically esti-
mates threshold by fitting some sparsity-inducing distributions, but
its multi-stage fitting may cause additional computational overhead.
OkTopk [18]: OkTopk, which is the state-of-the-art gradient spar-
sification, estimates one threshold for all neural network layer
gradients at the end of the backward propagation, and re-estimates
it in a fixed iteration. Note that OkTopk leverages a global sparsifi-
cation while most of the other sparsification methods (including
the above four state-of-the-art ones and our proposed ADTopk) are
layer-wised sparsification.
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(a) ResNet-50 [15] on Cifar-100 [17] (b) LSTM [23] on Wikitext-2 [24] (c) BERT-base [10] on SQuAD [28]
Figure 2: The average dimension missing rate and different convergence accuracy (i.e., Top-1 accuracy on Cifar-100, Perplexity on WikiText-2,
and F1 score on SQuAD) for three training tasks using the traditional Top-k.

Note that the existing studies on Top-k and its variants seldom
consider the impact of gradient tensor’s dimensions on model train-
ing performance, but they are important for the model’s conver-
gence accuracy (see §2.1). In this paper, we are the first to manipu-
late dimensions to optimize the model’s convergence accuracy as
well as the training throughput, which will be analyzed in §3.

3 OBSERVATIONS AND MOTIVATION
In this section, we give two key observations that show challenges
of the traditional Top-k sparsification (§3.1), and then describe the
motivation of our main idea to address the challenges (§3.2).

3.1 Observations
We conduct measurement analysis to give two following observa-
tions. Note that the compression method proposed in this paper
aims to deal with the layer-wise gradient tensor, and thus our ob-
servations and experiments also target at the gradient tensor at
each layer of the DNN.
Measurement setting. We evaluate three typical training tasks
(specified in §6.1) on a local cluster with 8 NVIDIA V100 GPUs
connected by a 25Gbps Ethernet, including ResNet-50 [15] on Cifar-
100 [17], LSTM [23] on Wikitext-2 [24], and BERT-base [10] on
SQuAD [28]. We consider different compression rates (i.e, densities)
ranging from 0.001 to 0.05 [30], while 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 = 1.0 indicates the
non-compression scheme as the baseline in this paper.
Observation #1. The traditional Top-k causes dimensionmiss-
ing which leads to a low convergence accuracy. Figure 2 shows
the impact of gradient tensor’s dimensions on the model’s conver-
gence accuracy. We define the average dimension missing rate of
the gradient tensor for all layers of the DNN as the number of the
missing dimensions divided by the total number of all dimensions
of the gradient tensor.

First, we observe that the largest k elements of the gradient
selected the traditional Top-k are only centered in some of all di-
mensions, while many other dimensions are often missing, which
we call dimension missing. For example, Figure 2(b) shows that,
for LSTM on WikiText-2, when the density ranges from 0.001 to
0.05, the average dimension missing rate ranges from 96% to 26%,
which indicates many dimensions of the gradient are missing after
compression, and more dimensions are missed severe as the density
decreases.

Second, we observe that a high average dimension missing rate
leads to a low convergence accuracy. For example, when the den-
sity is 0.001, we see that (i) Figure 2(a) shows that, for ResNet-50

Figure 3: Comparison between Top-k with some dimensions (tradi-
tional) and Top-k with all dimensions in terms of baseline-based
normalized convergence accuracy (i.e., Top-1 accuracy on ResNet-50,
Perplexity on LSTM, and F1 score on BERT-base).

on Cifar-100, the Top-1 accuracy is only 4%; (ii) Figure 2(b) shows
that, for LSTM on WikiText-2, the Perplexity (which measures how
uncertain the model is when it tries to predict the next word in a
sequence, and a lower Perplexity indicates a higher predictive ac-
curacy) is 324, whose convergence accuracy decreases significantly
compared to the baseline (Perplexity=112); and (iii) Figure 2(c)
shows that, for BERT-base on SQuAD, the F1 score (which indicates
a single metric that balances both precision and recall) is only 50%,
much lower than the baseline (87%).

Third, we observe that a lower average dimension missing rate
can obtain a higher convergence accuracy. For example, in Figure 2
(a), when the density changes from 0.01 to 0.05, the average di-
mension missing rate decreases from 36% to 11%, while the Top-1
accuracy of ResNet-50 increases from 34% to 58%. The same obser-
vations exists for LSTM and BERT-base.

In addition, as shown in Figure 3, to further verify the effect
of the gradient tensor’s dimensions on convergence accuracy, we
keep the density constant (e.g., density = 0.01) and compare the
normalized convergence accuracy between Top-k with some dimen-
sions (traditional) and Top-k with all dimensions on three training
tasks. Note that we also consider the non-compression baseline
as the normalized convergence accuracy (i.e., its value is 1). We
can see that for LSTM, the traditional Top-k has more than 50%
dimension loss at density=0.01, and its perplexity is about 2.1× that
of the non-compression baseline. On the contrary, the Top-k with
all dimensions has a perplexity close to the baseline. ResNet-50 and
BERT-base also have the same conclusion.

Therefore, we find that the traditional Top-k often incurs missing
dimensions of the gradient tensor and thus impairs the convergence
accuracy of model training, and reducing missing dimensions can
improve the convergence accuracy significantly.
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Figure 4: GPU core utilization of the traditional Top-k.

Observation #2. The traditional Top-k incurs a single global
sorting which limits the training throughput. The traditional
Top-k compression method (e.g., the torch.topk function) based
on Pytorch typically uses Radix Sort to select the largest 𝑘 elements
[26, 34], which requires flattening the gradient tensor into a single
vector and performing a global sorting, and thus may cause low
parallelism in the GPU cores. Figure 4 shows how the traditional
Top-k impacts the GPU cores parallelism. We monitor the GPU
core utilization (i.e., the percentage of GPU core usage) and use
the DCGMG tool to monitor the streaming multiprocessor (SM)
occupancy as the GPU core utilization, which is usually used to in-
dicate the degree of GPU core parallelism [25]. For all three different
models, we set the density to 0.01 [30].

We observe that the traditional Top-k has only 13%, 31%, and 35%
of GPU core utilization at the peak, respectively, which implies the
low GPU core parallelism. The reason is that the traditional Top-k
has to globally sort elements of the gradient at each layer of a DNN
and then select the𝑘 largest ones, which forms a single global sorting
of all elements within the gradient that needs to synchronize many
sorted results across GPU cores, thereby degrading the parallelism.
Further, based on the study [9], the low GPU core parallelism will
make the compression process inefficient and hence lower the
training throughput.

Therefore, we find that the traditional Top-k has to perform a
single global sorting which often incurs a low GPU core parallelism,
thus limiting the training throughput.

3.2 Motivation
Observation #1 shows the dimension missing challenge of the tra-
ditional Top-k and also implies the way: the more dimensions Top-
k can maintain, the higher convergence accuracy the model can
achieve. The reason behind is that each dimension (even if the one
with a small magnitude) of the gradient at each layer of a DNN can
provide its distinct feature learning to increase the expressiveness
and convergence accuracy of the DNN training, which has been
confirmed in existing studies [21, 35, 43].

Therefore, we propose ADTopk, whose above main idea is to
make Top-k select the largest k elements from all dimensions of
the gradient tensor, rather than only some dimensions as in the
traditional Top-k; that is, each dimension of the gradient tensor
needs to contribute some elements in parameter updating for the
best comprehensive feature learning.

Interestingly, based on the main idea of ADTopk, we find that it
can perform multiple sorting processes across all dimensions of the
gradient independently (i.e., each dimension of the gradient tensor
can locally sort its entire elements individually), which provides

Zero value ADTopk  selected value 

0.85 0.9 0.5

0.75 1.0 0.9 0.8 0.6

0.65 0.7

0.85 0.9

1.0 0.9

0.3 0.4

0.5 0.55

0.65 0.7

(a) Traditional Top-k (b) ADTopk 

Traditional Top-k selected value 
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0.75 1.0 0.9 0.8 0.2 0.6

0.2 0.1 0.1 0.3 0.4 0.1

0.3 0.5 0.55 0.2 0.3 0.3

0.65 0.7 0.1 0.2 0.4 0.1

Original Gradient 𝐺

𝐷1

𝐷2

𝐷3

𝐷4

𝐷5

Figure 5: The gradient sparsification process for the traditional Top-
k and ADTopk.

additional potential for better parallelism to address the challenge
shown in Observation #2.

While ADTopk can help address the two challenges, how to
design ADTopk in details still remains unexplored, which will be
specified in §4.

4 THE DESIGN OF ADTOPK
In this section, we design ADTopk based on the main idea in §3.2
with the design goals as follows:

• Improving convergence accuracy and throughput: ADTopk
avoids dimensionmissing via amatrix-based sparsification scheme
to improve the convergence accuracy, and increases the GPU
core parallelism via a multiple local sorting scheme to improve
the training throughput (§4.1).

• Accelerating convergence: ADTopk extends to ADTopk-i that
employs an interleaved compression scheme to combine ADTopk
and the traditional Top-k to speed up the convergence (§4.2).

• Reducing sparsification overhead:ADTopk-i extends toADTopk-
t that employs an efficient threshold estimation scheme to reduce
the compression overhead (§4.3).

4.1 ADTopk: All-Dimension Top-k Sparsification
To realize the all-dimension sparsification structure of ADTopk, we
design two schemes based on Top-k: matrix-based sparsification
andmultiple local sortings, which aim to address the two challenges
given in §3.1.
Matrix-based sparsification. To realize the all-dimension sparsifi-
cation, ADTopk treats the original gradient tensor𝐺 at each layer of
a DNN as an𝑀 ×𝑁 matrix, different from the traditional Top-k that
flattens the gradient tensor into a one-dimensional vector [7]. Based
on the𝑀 ×𝑁 matrix, ADTopk selects the largest k elements of𝐺 in
three steps: (i) ADTopk splits matrix𝐺 uniformly into𝑀 dimensions
(i.e., each of which has 𝑁 elements), denoted by𝐺1,𝐺2, · · · ,𝐺𝑀 ; (ii)
ADTopk independently performs a Top- 𝑘

𝑀
sparsification for each

dimension: 𝐺̃𝑖 =Top- 𝑘𝑀 (𝐺𝑖 ), which means each dimension of the
gradient tensor selects the 𝑘

𝑀
largest elements; and (iii) ADTopk

obtains the compressed gradient 𝐺̃ = [𝐺̃1, ..., 𝐺̃𝑀 ]. Note that𝑀 is
determined by the neural network layer.

Figure 5 illustrates the process of selecting elements of the gra-
dient tensor for the traditional Top-k and ADTopk. The original
gradient tensor matrix 𝐺 includes five dimensions (from 𝐷1 to 𝐷5),
each of which has six elements (to describe the 𝐺 easily, we take
the absolute values of all elements). We see that:
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Figure 6: Overall magnitudes. Figure 7: Average magnitude.

The traditional Top-k: Figure 5(a) shows that among all 30 elements
of the original gradient tensor 𝐺 , it selects the ten largest elements
which are only centered in three dimensions 𝐷1, 𝐷2, and 𝐷5, while
𝐷3 and 𝐷4 are ignored after compression.
ADTopk: Figure 5(b) shows that it selects two largest elements for
each dimension, which avoids the dimension missing of the gra-
dient tensor. It allows each dimension to participate in parameter
updating to learn richer features, thus improving the convergence
accuracy of the model. Note that the number of elements of the gra-
dient tensor selected by the traditional Top-k and ADTopk remain
the same (i.e., both select ten gradient elements).
Multiple Local Sortings. As stated in §2.2, the traditional Top-k
performs a global sorting on the elements of the gradient tensor
organized in buckets, which entails many synchronizations of mul-
tiple buckets (scale with 𝑘) across GPU cores [9], thereby degrading
the GPU core parallelism, especially for a large 𝑘 . Thus, many stud-
ies show that the traditional Top-k sparsification is only efficient
for a small k [30].

As stated in §3.2, instead of the traditional Top-k that is based on
a single global sorting, ADTopk can provide potential to enable mul-
tiple sortings to work across all dimensions of the gradient tensor
in parallel, satisfying that each sorting only sorts the elements of
its local dimension. Specifically, for each dimension, ADTopk only
performs Top- 𝑘

𝑀
sparsification, where 𝑘

𝑀
is much smaller than 𝑘

for fast sorting [30]; for all𝑀 dimension of the gradient tensor, AD-
Topk performs𝑀 sorting processes in parallel to further increase
the training throughput [9].

4.2 ADTopk-i: Interleaving Compression in
ADTopk

Limitation of ADTopk. We first analyze the limitation of ADTopk
by measurement analysis, where the measurement trains ResNet-50
[15] on Cifar-100 [17] with density =0.01, on a local cluster with 8
NVIDIA V100 GPUs connected by a 25Gbps Ethernet.

Figure 6 shows the overall magnitudes of each dimension’s el-
ements of a gradient tensor for three schemes (non-compression,
traditional Top-k, and ADTopk), where the number of the dimen-
sion of the gradient tensor is 512. For each of 512 dimensions, we
compute the sum of all its elements’ magnitudes, and sort all the di-
mensions’ sums by size. We see that the traditional Top-k can select
elements that are likely to have large magnitudes, while ADTopk
will select the elements with magnitudes which are not as large as
in the traditional Top-k. Figure 7 further shows that the average
of the overall magnitude of each dimension’s elements over 200
epochs for the traditional Top-k and ADTopk. The average mag-
nitude for ADTopk is always smaller than that for the traditional
Top-k, especially in the early epochs.

Algorithm 1: ADTopk-i Algorithm
Input: Stochastic gradient 𝐺𝑖,𝑡 at worker 𝑖 and iteration

𝑡 (𝑡 > 0), gradient selection ratio 𝑘 .
Output: Compressed gradient 𝐺̃𝑖,𝑡 .

1 Initialization: 𝑖𝑠𝐴𝑙𝑙𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 = 𝑇𝑟𝑢𝑒 ;
2 Function InterleavingTopk(𝐺𝑖,𝑡 , 𝑘):
3 if 𝑖𝑠𝐴𝑙𝑙𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 then
4 𝑣𝑎𝑙𝑢𝑒𝑠, 𝑖𝑛𝑑𝑖𝑐𝑒𝑠 = ADTopk(𝐺𝑖,𝑡 , 𝑘);
5 𝑖𝑠𝐴𝑙𝑙𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 = 𝐹𝑎𝑙𝑠𝑒;
6 else
7 𝑣𝑎𝑙𝑢𝑒𝑠, 𝑖𝑛𝑑𝑖𝑐𝑒𝑠 = TradTopk(𝐺𝑖,𝑡 , 𝑘);
8 𝑖𝑠𝐴𝑙𝑙𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 = 𝑇𝑟𝑢𝑒;
9 end

10 𝐺̃𝑖,𝑡 = [𝑣𝑎𝑙𝑢𝑒𝑠, 𝑖𝑛𝑑𝑖𝑐𝑒𝑠];
11 return 𝐺̃𝑖,𝑡

Therefore, we find that ADTopk cannot select elements whose
magnitudes are as large as the traditional Top-k. As shown in the
definition of parameter updating in Equation (1), when the gradient
magnitude is smaller, the parameter updating is weaker, and thus
leads to a slower convergence speed.
Design idea: Although ADTopk benefits the convergence accuracy,
the convergence speed becomes slower than the traditional Top-
k. The main reason is that the ADTopk requires each dimension
of the gradient tensor to provide its 𝑘

𝑀
largest elements and some

dimensionswho still have large-magnitude elements cannot provide
any more, leading to a slow parameter update or falling into a local
optimum. In fact, the larger magnitude values can contribute more
to the model convergence [16, 41, 48], so the traditional Top-k can
help accelerate the convergence of the model.

Therefore, we find that there exists a trade-off between con-
vergence accuracy and convergence speed for ADTopk (higher
accuracy) and the traditional Top-k (faster convergence), which
motivates us to design an interleaving sparsification compression
scheme which combines both ADTopk and the traditional Top-k.
Design details: Algorithm 1 describes the details of ADTopk with
interleaving compression (called ADTopk-i). Specifically, ADTopk-
i has four steps: (Step 1) ADTopk-i determines whether to per-
form ADTopk based on 𝑖𝑠𝐴𝑙𝑙𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛, which is initialized to𝑇𝑟𝑢𝑒
(Line 1); (Step 2) When 𝑖𝑠𝐴𝑙𝑙𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 is𝑇𝑟𝑢𝑒 , ADTopk-i performs
ADTopk (we call ADTopk) to select more dimensions of the gradi-
ent at a layer in the current iteration and sets 𝑖𝑠𝐴𝑙𝑙𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 to
𝐹𝑎𝑙𝑠𝑒 (Lines 3-5); (Step 3) When 𝑖𝑠𝐴𝑙𝑙𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 is 𝐹𝑎𝑙𝑠𝑒 , ADTopk-i
performs the traditional Top-k (we call TradTopk) to select more
large-magnitude elements at the same layer in the next iteration and
sets 𝑖𝑠𝐴𝑙𝑙𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 to 𝑇𝑟𝑢𝑒 (Lines 6-9); (Step 4) ADTopk repeats
Step 2 and Step 3 until finishing all iterations, and finally returns
the compressed gradient 𝐺̃𝑖,𝑡 (denoted as values and indices) for
synchronization (Lines 10-11).

Note that Algorithm 1 emphasizes the interleaving compression
scheme of performing ADTopk and TradTopk between iterations,
i.e., if ADTopk is performed in the current iteration, TradTopk will
be performed in the next iteration. All layers of a DNN within an it-
eration perform the same compression, either ADTopk or TradTopk.
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Algorithm 2: ADTopk-t Algorithm
Input: Thresholds re-estimation period 𝜏 , threshold update

bound 𝜖 , warmup training bound 𝜎 , reuse threshold
𝑡ℎ𝑟_𝑟𝑒𝑢𝑠𝑒 .

Output: Compressed gradient 𝐺̃𝑖,𝑡 .
1 Function ThresholdTopk(𝐺𝑖,𝑡 , 𝑘):
2 if 𝑡 < 𝜎 then
3 𝑣𝑎𝑙𝑢𝑒𝑠, 𝑖𝑛𝑑𝑖𝑐𝑒𝑠 = TradTopk(𝐺𝑖,𝑡 , 𝑘);
4 𝑡ℎ𝑟_𝑟𝑒𝑢𝑠𝑒 = |𝑣𝑎𝑙𝑢𝑒𝑠 |.𝑚𝑖𝑛();
5 else if 𝑡 > 𝑇 ∗ 3/4 and 𝑡ℎ𝑟_𝑟𝑒𝑢𝑠𝑒 < 10 ∗ 𝜖 then
6 𝑣𝑎𝑙𝑢𝑒𝑠, 𝑖𝑛𝑑𝑖𝑐𝑒𝑠 = ADTopk(𝐺𝑖,𝑡 , 𝑘);
7 else if (𝑡 − 1) % 𝜏 == 0 then
8 𝑣𝑎𝑙𝑢𝑒𝑠, 𝑖𝑛𝑑𝑖𝑐𝑒𝑠 = TradTopk(𝐺𝑖,𝑡 , 𝑘);
9 𝑡ℎ𝑟 = |𝑣𝑎𝑙𝑢𝑒𝑠 |.𝑚𝑖𝑛();

10 𝜖 = 𝑡ℎ𝑟/10;
11 if |𝑡ℎ𝑟 − 𝑡ℎ𝑟_𝑟𝑒𝑢𝑠𝑒 | < 𝜖 then
12 𝜏 = 𝜏 + 1;
13 else if |𝑡ℎ𝑟 − 𝑡ℎ𝑟_𝑟𝑒𝑢𝑠𝑒 | > 2 ∗ 𝜖 then
14 𝜏 = 𝜏 − 1;
15 end
16 𝑡ℎ𝑟_𝑟𝑒𝑢𝑠𝑒 = 𝑡ℎ𝑟 ;
17 else
18 𝑚𝑎𝑠𝑘 = |𝐺𝑖,𝑡 | > 𝑡ℎ𝑟_𝑟𝑒𝑢𝑠𝑒;
19 𝑣𝑎𝑙𝑢𝑒𝑠, 𝑖𝑛𝑑𝑖𝑐𝑒𝑠 = 𝐺𝑖,𝑡 ⊙𝑚𝑎𝑠𝑘 ;
20 end
21 𝐺̃𝑖,𝑡 = [𝑣𝑎𝑙𝑢𝑒𝑠, 𝑖𝑛𝑑𝑖𝑐𝑒𝑠];
22 return 𝐺̃𝑖,𝑡

4.3 ADTopk-t: Threshold Estimation in ADTopk
Limitation of ADTopk-i: ADTopk-i is combination of ADTopk and
the traditional Top-k to trade off the convergence accuracy and the
convergence speed. However, ADTopk-i spends half of the epochs in
performing the traditional Top-k and limits the training throughput,
which may not an optimal.
Design idea: As stated in §3.1, the traditional Top-k significantly
reduces the convergence accuracy, so we aim to reduce the number
of the traditional Top-k in ADTopk-i while ensuring a fast conver-
gence. Surprisingly, Figure 7 shows that the average magnitudes
for the traditional Top-k and ADTopk are similar and small when
the model converges during the late epochs (about from the 50𝑡ℎ
epoch), which indicates that the 𝑘-th largest element of both the
traditional Top-k and ADTopk have very close magnitude value
from that time. Therefore, we hope to improve the convergence
speed by using interleaving compression in the early epochs of
training. In the late epochs of training, the magnitude of both AD-
Topk and traditional Top-k is small and similar, and the parameter
update is slow, so more ADTopk is used to alleviate the low training
throughput caused by traditional Top-k.

This motivates us to set the 𝑘-th largest element value as a thresh-
old, which helps ADTopk-i to determine the time (e.g., the 50𝑡ℎ
epoch) we can start replacing the traditional Top-k with ADTopk,
with a slight magnitude loss. In addition, inspired by OkTopk [18],
since the gradient distribution at the late epochs remains almost

unchanged over multiple iterations, ADTopk can also periodically
estimate the accurate threshold and reuse it in the following itera-
tions within a period.

Therefore, to further reduce the sparsification overhead, we de-
sign an efficient threshold-estimation scheme for ADTopk, which
utilizes the periodically estimated threshold to trigger the replace-
ment of the traditional Top-k with ADTopk.
Design details: Algorithm 2 describes the details of ADTopk with
threshold estimation (called ADTopk-t). Here, we define 𝑡ℎ𝑟_𝑟𝑒𝑢𝑠𝑒
as the threshold for reusing over 𝜏 iterations. We define the thresh-
old update bound (denoted by 𝜖) to adaptively update the threshold
re-estimation period 𝜏 , which is set to 5 by default. Since the training
model is unstable in early iterations [14], we define the warm-up
training bound (denoted by 𝜎), and empirically we set it to 15.

Specifically, ADTopk-t has six steps: (Step 1) ADTopk-t first per-
forms the traditional Top-k function TradTopk in the early iterations
to select the largest k values and indicates, as well as to obtain the
reuse threshold value 𝑡ℎ𝑟_𝑟𝑒𝑢𝑠𝑒 (Lines 1-4); (Step 2) ADTopk-t per-
forms the ADTopk function ADTopk in late iterations when the
threshold 𝑡ℎ𝑟_𝑟𝑒𝑢𝑠𝑒 change is small (Lines 5-6); (Step 3) ADTopk-
t re-estimates the accurate threshold after each 𝜏 iteration and
reuses the threshold for a specific layer in the next 𝜏 − 1 iterations
(Lines 7-9); (Step 4) When the difference between the latest 𝑡ℎ𝑟 and
the previously estimated threshold 𝑡ℎ𝑟 is less than 𝜖 or exceeds
2 ∗ 𝜖 , we update 𝜏 (Lines 10-15); (Step 5) We leverage the estimated
threshold to approximate the traditional Top-k elements selection
(Lines 16-20); (Step 6) We finally return the compressed gradient
𝐺̃𝑖,𝑡 (denoted as values and indices) for synchronized communica-
tion across workers (Lines 21-22). The time overhead of threshold
estimation is negligible, for the larger value of 𝜏 makes the threshold
update less frequent. The threshold selection is very GPU friendly
with a time complexity of only 𝑂 (𝑁 ).

4.4 Discussion
Compression overhead: ADTopk enables all-dimension and layer-
wise sparsification of the gradient tensor, but as the size of the DNN
increases, the overhead generated by the layer-wise compression
becomes larger, which may impair the training performance. It is
because each sparsification compression includes a fixed overhead
to launch and execute kernels in CUDA (called startup overhead),
which is not negligible even for small tensor sizes [47]. One popular
way to address the compression overhead issue is to merge multiple
gradient tensors into the buffer [37], so we can use the similar way
that allows ADTopk to compress the gradient in the buffer, so as to
reduce the compression startup overhead.
Scalability: Although ADTopk outperforms the traditional Top-k
in increasing the convergence accuracy and training throughput, it
still suffers from the same scalability issues as the traditional Top-k.
The main reason is that Top-k builds up the gradient from aggre-
gated elements of multiple workers (called gradient build-up), such
that the number of aggregated gradient elements in the communi-
cation becomes larger than that selected by each worker [7, 55]. To
improve scalability, ADTopk can leverage similarity in the gradi-
ent distribution among workers to select only one worker’s Top-k
indices in each iteration, as proposed in [7], to reduce the commu-
nication overhead during gradient build-up to improve scalability.

141



HPDC ’24, June 3–7, 2024, Pisa, Italy Zhangqiang Ming, Yuchong Hu, Wenxiang Zhou, Xinjue Zheng, Chenxuan Yao, and Dan Feng

Figure 8: The workflow of the ADTopk.

5 IMPLEMENTATION
We prototype our system atop Horovod [33], a popular distributed
DNN training framework. Based on Horovod, we implement AD-
Topk, which mainly consists of four main modules, an interleaving
compression module (i.e., ADTopk-i), a threshold estimation sparsi-
fication module (i.e., ADTopk-t), a communication and aggregation
module and a residual gradient error feedback module.

We implement a gradient sparsification compression library
based on PyTorch [26], includingDGC [19], Gaussiank [36], Redsync
[12], OkTopk [18], SIDCo [22], and our ADTopk. We also implement
three collective communication primitives: Allreduce, Allgather
and AllgatherFast, based on the NCCL communication library
to achieve efficient collective communication.

Our prototype system has about 6.4K SLoCs in Python. Figure 8
shows the workflow of our ADTopk. The specific implementation
of each module is as follows:
Interleaving compression module. We implement two compres-
sion APIs: ADTopk and TradTopk. The ADTopk takes the original
gradient matrix as input, and uses torch.topk function [26] as the
basic compressor to select the k largest elements from all input
dimensions. The number of elements selected on each dimension
is k divided by the number of input dimensions, which is at least
one. The TradTopk first flattens the original gradient into a single
one-dimensional tensor, and then it leverages torch.topk to select
the k largest elements (including values and indices) in the gradient
tensor. Note that we use threshold-based sparsification in ADTopk-t
to replace the TradTopk, called ThresholdTopk.

We also implement a decompress function, which restores the
compressed elements into a tensor of the size of the original gradi-
ent, then uses the scatter function [26] to fill missing elements
with zeros, and reshapes the tensor to the original form. To pre-
serve 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.
Threshold estimation sparsification module. In this module,
we implement a ThresholdTopk function to perform the ADTopk
function in later iterations depending on the threshold and replace
the TradTopk. The ThresholdTopk function consists of a monitor
and an updater. The monitor is designed to monitor changes in
the threshold and iteration. The updater periodically updates the
threshold. Specifically, The updater uses TradTopk to calculate the
𝑘-th largest element as the threshold after every 𝜏 iteration while
also dynamically adapting the value of 𝜏 based on the threshold size.
Note that the updater uses TradTopk to sort the gradient values
and returns the 𝑘-th largest value as the accurate threshold. The

Table 1: Tasks, models and datasets used for evaluation.

Tasks Models Datasets Model Size

Image
Classification

ResNet-50 [15] Cifar-100 [17] 98MB
ResNet-101 [15] ImageNet [8] 170MB
VGG-16 [40] Cifar-100 [17] 528MB
VGG-19 [40] ImageNet [8] 548MB

Natural Language
Processing

LSTM [23] WikiText-2 [24] 328MB
BERT-base [10] SQuAD [28] 420MB

monitor employs the threshold size as a crucial parameter to use
ADTopk often in late iterations.
Communication and aggregation module. To enable efficient
communication and aggregation of the compressed gradient, we
rewrite the core component DistributedOptimizer of Horovod.
In DistributedOptimizer, we provide three collective commu-
nication primitives APIs for practitioners, including Allreduce,
Allgather, and AllgatherFast, specified as follows:
Allreduce: We use the allreduce_async_ function in Horovod
to design Allreduce collective communication primitive to exe-
cute the communication and aggregation in the non-compression
baseline. Allreduce is the most efficient operation, but it is only
suitable for the non-compression scenario. The main limitations in
the underlying implementation are that it does not support sparse
gradient [13] since it requires the same data type and dimension in
the form of the compressed gradients.
Allgather: We leverage allgather_async_ function in Horovod
to design Allgather primitive to execute the communication and
aggregation in ADTopk and other state-of-the-art sparsification
compression methods. It does not perform any aggregation, only
supports input gradients of different forms, and is well suited for
sparse sparsification when different nodes select gradient elements
at non-overlapping indices. On the backend, these are implemented
by several alternate libraries: OpenMPI and NVIDIA NCCL.
AllgatherFast: We also implement another alternative primitive
called AllgatherFast, which speeds up the communication of
Allgather by eliminating the gradient split step. In the gradient
aggregation, we use the synchronize function to enforce synchro-
nization of gradient communication tasks for each parameter and
decompress the aggregated gradients based on the communication
type and compressor. We use Average for the reduction operation
of aggregation.

Note that, in the gradient communication, we first check if
the gradient compression and error feedback are required, and
then based on the communication type defined in the parameters,
we call the specific communication API (e.g., Allreduce for non-
compression) to perform the gradient communication.
Residual gradient error feedback module. In this module, we
implement an error feedback API, similar to grace [51], including a
memory.compensate function that compensates at each iteration
the node-local generated gradient with the previous iteration’s
error feedback and a memory.update function that calculates the
difference between the compensated gradient and the compressed
gradient to update the residual and store it in memory.
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(a) ResNet-50 on Cifar-100 (b) VGG-16 on Cifar-100 (c) LSTM on WikiText-2 (d) BERT-base on SQuAD

Figure 9: Experiment 1: Convergence accuracy of DNN training tasks with PCIe-only GPU machines and 25Gbps cross-machine Ethernet.

6 EVALUATION
6.1 Experiment Setup
Testbeds.We carried out our experiments on two testbeds: 1) 16
Alibaba cloud ECS instances with 64GPU connected by a 32Gbps
Ethernet, each instance has a 12vCPU (92GiB) and 4 NVIDIA V100S
GPU (32GB) with NVLink; 2) a local GPU cluster of 8 nodes. Each
node is equipped with one NVIDIA V100S GPU (32 GB), two 12-
core Intel XEON Silver 4214 CPUs, and is connected by a 25Gbps
Ethernet. ECS instances and local nodes run Ubuntu 20.04, with
software libraries including CUDA-11.6, OpenMPI-4.0.3, NCCL-
2.8.3, PyTorch-1.13.1, and Horovod-0.27.0.
Workloads. We evaluate six widely-used DNN tasks (four from
image classification and two from natural language processing) for
six models on four datasets, which are listed in Table 1. We set
batch sizes and learning rates across different models similar to the
studies [5, 10, 13, 23]. Note that to utilize GPU resources efficiently,
we set the batch size to be constant and moderate, which does not
increase with the number of workers since a too large batch size
will cause convergence problems [31].
Baseline and comparative approaches. We use a compressed
communication framework, Horovod [33], with PyTorch [26] and
NCCL Ring-Allreduce as a non-compression baseline approach,
called Baseline. We compare ADTopk with five state-of-the-art spar-
sification compression approaches with density = 0.01, including
DGC [19], Gaussiank [36], Redsync [12], OkTopk [18], SIDCo [22],
and Traditional Top-k (also called Topk(Naive)). We name our pro-
posed approaches in §4.1-§4.3 as ADTopk, ADTopk-i and ADTopk-t,
respectively. Note that the above approaches have been highly
optimized in our implementations (see §5).
Performance metrics. We report two performance metrics in our
experiments: the convergence accuracy and the training through-
put. The test accuracy achieved by the converged model. We use
the Top-1 accuracy for image classification models, Perplexity (ppl)
for LSTM and F1 score for BERT-base as evaluation metrics, respec-
tively. We evaluate the training throughput based on the number
of trained samples (images for image classification and sequences
for natural language processing) per second [5].

6.2 Experiments
Experiment 1 (Convergence accuracy): We evaluate the con-
vergence accuracy of ADTopk and state-of-the-art methods (den-
sity=0.01 with error feedback) using real-world training tasks listed
in Table 1 on a local cluster with 8 PCIe-based GPUs. To provide
a fair comparison of all methods, we have the same settings for
ADTopk and other state-of-the-arts.

Figure 9 shows that the convergence accuracy achieved by AD-
Topk 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 for different com-
pression methods on each training task to obtain training time and
convergence accuracy. We see that:
Image classification: Figure 9(a) and (b) for ResNet-50 and VGG-16
on Cifar-100, respectively, show that the Top-1 accuracy of ADTopk
achieves 71.41% and 70.69%, which are slightly lower than that of
Baseline (i.e., 71.73% and 71.38%), but larger than other state-of-the-
art sparsification methods. We can see that SIDCo, OkTopk, DGC,
Gaussiank, Redsync, and Topk(Naive) only achieve 52.20%, 67.18%,
66.93%, 66.54%, 65.20%, and 65.43% Top-1 accuracy on ResNet-50,
respectively, and 49.84%, 67.45%, 67.37%, 67.94%, 66.31%, and 65.96%
Top-1 accuracy on VGG-16.
Natural language processing: Figure 9(c) on WikiText-2 for LSTM
shows that ADTopk maintains the same convergence accuracy as
non-compression Baseline. For example, Baseline, ADTopk have an
almost identical Perplexity of 101, lower than SIDCo (130), OkTopk
(108), DGC (111), Gaussiank (108), Redsync (117), and Topk(Naive)
(114), which indicates that ADTopk improves convergence perfor-
mance by preserving more dimensions of the LSTM (e.g., hidden
size). Note that the smaller the Perplexity, the higher prediction
accuracy of LSTM training Wikitext-2.

Figure 9(d) shows that ADTopk has the same converged F1 score
(86%) as non-compression Baseline, DGC, and Redsync. The reason
is that BERT-base is usually well pre-trained on a large dataset
(like Wikipedia) and hence it only needs some small tuning for
various tasks to obtain a high accuracy. On the contrary, Gaussiank
only achieves a lower F1 score (72%), probably because the gradient
distribution of BERT-base differs significantly from the Gaussian
distribution, thus estimating inaccurate thresholds leading to poorer
performance.
Discussion. Overall, ADTopk achieves convergence accuracy close
to the Baseline, which confirms our main idea of retaining the
gradient’s all dimensions during sparsification, thus improving the
convergence accuracy. In addition, we can see that ADTopk also has
faster convergence (shorter training time) than other state-of-the-
art sparsification compression methods. For example, the training
time of ADTopk is less than other state-of-the-arts by 1.12×-1.74×
and 1.32×-2.44× in Figure 9(a) and (b), respectively. ADTopk reduces
the training time on LSTM and BERT-base by 1.21×-1.28× and
1.41×-1.70×, respectively. The reason is that ADTopk’s independent
sparsification of each dimension improves GPU core parallelism
and thus reduces the training time. Note the sudden change in
convergence accuracy in Figure 9, which is because we use the

143



HPDC ’24, June 3–7, 2024, Pisa, Italy Zhangqiang Ming, Yuchong Hu, Wenxiang Zhou, Xinjue Zheng, Chenxuan Yao, and Dan Feng

(a) ResNet-101 on ImageNet (b) VGG-19 on ImageNet (c) LSTM on WikiText-2 (d) BERT-base on SQuAD

Figure 10: Experiment 2: Throughput of DNN training tasks with NVLink-based GPU machines and 32Gbps cross-machine Ethernet.

same warm-up learning rate and learning rate decay as in the non-
compression Baseline.
Experiment 2 (Training throughput): We evaluate the training
throughput of ADTopk and state-of-the-art methods using real-
world training tasks listed in Table 1 on an Alibaba Cloud cluster
with 64 NVLink-based GPUs. To provide a fair comparison of similar
methods, we have the same settings for ADTopk and other state-of-
the-art sparsification compression methods. Figure 10 shows that
the training throughput achieved by ADTopk is much higher than
the other state-of-the-arts. We see that:
Image classification: Figure 10(a) and (b) for ResNet-101 and VGG-
19 on ImageNet, respectively, show that the training throughput
of ADTopk outperforms other sparsification compression methods
by 14.21%-268.11% and 22.15%-240.02%, respectively, versus differ-
ent GPU cluster sizes. Unlike the limited training throughput of
the latest open-sourced versions of state-of-the-art compression
methods, ADTopk improves the training throughput on multiple
training tasks. For example, with 64 GPUs, for ResNet-101 on Im-
ageNet, ADTopk outperforms SIDCo, OkTopk, Gaussiank, DGC
and Redsync by 49.51%, 71.69%, 147.47%, 62.72%, and 75.15%, re-
spectively. For VGG-19 on ImageNet, ADTopk outperforms SIDCo,
OkTopk, Gaussiank, DGC, and Redsync by 20.08%, 39.37%, 47.45%,
30.5% and 33.05%, respectively.

For ResNet-101 on ImageNet, we find that the training through-
put of OkTopk, Gaussiank, DGC, and Redsync are all lower than
ADTopk, which is becoming increasingly prominent with the num-
ber of GPU nodes. The reason is that Gaussiank and Redsync need
to adjust the thresholds frequently, which causes a large extra time
overhead; DGC needs to perform two Top-k operations, which also
incurs more time overhead. It implies that when the GPU cluster
size expands, the communication overhead of the communication-
intensive models increases. Nevertheless, ADTopk always performs
the best no matter how many GPU nodes, which confirms the
decent GPU core parallelism of ADTopk.
Natural language processing: For LSTM onWikiText-2, Figure 10(c)
shows thatADTopk improves training throughput by 12.28%-105.02%
versus different GPU cluster sizes. Specifically, the training through-
put of ADTopk outperforms SIDCo, OkTopk, Gaussiank, DGC, and
Redsync by 20.39%, 45.64%, 53.51%, 43.11%, and 18.86%, respectively.
We train WikiText-2 using the standard LSTM model, which has
fewer parameters and gradients overall (only 11 layers), but ADTopk
still has a higher throughput by increasing the parallelism of the
GPU cores during compression.

Figure 10 (d) for BERT-base on SQuAD, shows that ADTopk
improves training throughput by 22.08%-293.49% versus different

(a) Normalized accuracy (b) Normalized throughput

Figure 11: Experiment 3: Normalized convergence accuracy and train-
ing throughput for various optimizations of ADTopk.

GPU cluster sizes. Specifically, ADTopk outperforms SIDCo, Ok-
Topk, Gaussiank, DGC, and Redsync by 47.80%, 109.54%, 132.65%,
110.97%, and 126.86%, respectively. BERT-base is a computation-
intensive language model, and ADTopk still maintains a high train-
ing throughput.
Discussion.We can see that the training throughput for Gaussiank,
DGC, and Redsync does not improve much with the number of
GPUs. It is because frequent calculation of thresholds by workers
in dynamic threshold adjustment mechanisms can incur additional
computational overhead, which can negatively affect training effi-
ciency. OkTopk realizes global compression that merges the gra-
dients of all layers into a single buffer, but waiting on the global
gradient prevents opportunities to overlap communication with
compute, which inflates the impact of network bottlenecks. AD-
Topk’s training throughout still scales with the number of GPUs.
The reason is that our ADTopk realizes layer-wise gradient com-
pression, which avoids the long waiting time of global compression,
while ADTopk improves the parallelism of GPU cores by realizing
all-dimensional compression within a single gradient tensor, thus
increasing the training throughput.

In addition, we find that these sparsification compression meth-
ods also suffer from problems such as gradient build-up or inap-
propriate threshold, which hinder the scalability of the distributed
training because the communication traffic increases as the cluster
scales out[4, 7, 54–56]. We leave scalable gradient sparsification as
future work to further optimize ADTopk in our distributed DNN
training system.
Experiment 3 (Effectiveness of various optimizations): To ver-
ify the effectiveness of our proposed method, we evaluate the indi-
vidual performance gains of the various compression optimizations
introduced for ADTopk. We illustrate the convergence accuracy
and the training throughput when enabling optimization one by
one for four training tasks, as shown in Figure 11.
Impact of ADTopk (§4.1). First, we evaluate the case where only all-
dimension Top-k is used, called ADTopk. As shown in Figure 11(a)

144



ADTopk: All-Dimension Top-k Compression for High-Performance Data-Parallel DNN Training HPDC ’24, June 3–7, 2024, Pisa, Italy

Figure 12: Experiment 4: Normalized layer-wise gradient sparsifica-
tion compression time of ADTopk on four training models.

and (b), compared to the Topk(Naive), ADTopk improves the conver-
gence accuracy by 1.51%, 2.63%, 5.24%, and 2.35%, respectively, and
increases the training throughput by 24.0%, 5.8%, 8.29%, and 5.13%,
respectively. On the one hand, ADTopk selects gradients from each
dimension of the gradient, which increases the proportion of small-
magnitude dimension selection, such that more dimensions can
be covered to enrich the features extracted by the model, thus im-
proving the convergence accuracy of the model. On the other hand,
selecting gradients within each dimension independently increases
the GPU core parallelism and improves the training throughput.
Impact of ADTopk-i (§4.2). Next, we evaluate the interleaving com-
pression scheme in the ADTopk, called ADTopk-i. As shown in
Figure 11(a), the ADTopk-i improves the convergence accuracy af-
ter reintroducing the Topk(Naive) inADTopk. Compared toADTopk,
ADTopk-i further improves the convergence accuracy of ResNet-
50, LSTM, BERT-base and VGG-16 by 2.89%, 2.6%, 1.5%, and 1.9%,
respectively. This is because ADTopk only uses all-dimension spar-
sification and hence selects a smaller magnitude of gradients (i.e.,
not the largest k elements of the entire gradient tensor) at each
iteration, leading to slower parameter updates and trapping in local
minima; in contrast, ADTopk-i compensates for this limitation by
reintroducing the Topk(Naive) to form interleaving compression.
Therefore, the ADTopk-i takes the advantages of both ADTopk and
the Topk(Naive).
Impact of ADTopk-t (§4.3). Finally, we evaluate the threshold es-
timation in ADTopk, called ADTopk-t. As shown in Figure 11(b),
we see that, compared to ADTopk-i, ADTopk-t further improves
the training throughput of ResNet-50, LSTM, BERT-base and VGG-
16 by 3.0%, 1.2%, 3.1%, and 1.8%, respectively, while achieving al-
most the same convergence accuracy as ADTopk-i in Figure 11(a).
This is because when we reintroduce the Topk(Naive) in the inter-
leaving compression scheme ADTopk-i, ADTopk-i become more
computation-intensive that incurs a large compression overhead
due to the involvement of the Topk(Naive). In contrast, ADTopk-t
alleviates the influence of the Topk(Naive) with the help of the
efficiently-estimated threshold to replace the Topk(Naive) with
ADTopk as far as possible in the late iterations.
Experiment 4 (Layer-wise gradient sparsification compres-
sion time): As shown in Figure 12, to show that ADTopk can
increase the parallelism of GPU cores to reduce the gradient com-
pression time, we calculate the average layer-wise compression
time of ADTopk on the four training models, respectively, and nor-
malize ADTopk based on the Topk(Naive) compression time. We
can see that the average compression time of ADTopk is smaller
than Topk(Naive) on all four training tasks. The sparsification com-
pression time of ADTopk is reduced by 51.23%, 32.85%, 43.41%, and

(a) ResNet-50 on Cifar-100 (b) LSTM on WikiText-2

Figure 13: Experiment 5: Convergence accuracy of the two DNN
training tasks without error feedback.

Figure 14: Experiment 6: Training performance comparison using
different network bandwidths.

27.65% on ResNet-50, LSTM, BERT-base and VGG-16, respectively.
ADTopk’s compression time on ResNet-50 and BERT-base is reduced
more because they contain more layers, and ADTopk’s increased
parallelism of GPU cores enables faster compression, thus reducing
the compression time.
Experiment 5 (Impacts of error feedback): Experiment 1 shows
the results with error feedback, and Figure 13 shows the conver-
gence accuracy of the two training tasks without it. For ResNet-50
on Cifar-100, Figure 13(a) shows that the Top-1 accuracy of AD-
Topk achieves 67.42%, which is slightly lower than that of non-
compression Baseline (i.e., 71.21%), but much larger than other
state-of-the-art sparsification compression methods. We can see
that SIDCo, OkTopk, DGC, Gaussiank, Redsync, and Topk(Naive)
only achieve 38.64%, 53.75%, 58.06%, 56.30%, 55.60%, and 57.14% Top-
1 accuracy on ResNet-50, respectively. For LSTM onWikiText-2, Fig-
ure 13(b) shows that the perplexity of ADTopk is 123, which is close
to the Baseline (112) and much lower than SIDCo (162), OkTopk
(175), DGC (181), Gaussiank (169), Redsync (208), and Topk(Naive)
(177). Overall, the state-of-the-art sparsification methods yield very
low convergence accuracy without using error feedback due to
dimension missing. Nevertheless, at the same density, our ADTopk
still achieves higher convergence accuracy by its all-dimensional
gradient elements selection scheme.
Experiment 6 (Impacts of network bandwidths): Figure 14
compares the training throughput of ADTopk and other state-of-
the-art sparsification compression methods for training ResNet-50
models using different network bandwidths. We use 1Gbps, 10Gbps,
and 25Gbps Ethernet as network configurations for an 8-node local
GPU cluster, respectively. We can see that the training throughput
of ADTopk is higher than other state-of-the-art gradient sparsifica-
tion compression methods under all three network environments.
Therefore, this implies that ADTopk can achieve near-optimal train-
ing throughput even in a low bandwidth network environment
(e.g., 1Gbps).
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Figure 15: Experiment 7: Training performance comparison using
different compression ratios.

Experiment 7 (Impacts of compression ratios): Figure 15 com-
pares the training throughput of ADTopk and other state-of-the-art
sparsification compression methods on ResNet-50 using different
compression ratios (i.e., densities) with the same configurations as
in Experiment 1. We can see that ADTopk outperforms Redsync,
Gaussiank, DGC, OkTopk, and SIDCo by 62.60%-203.77%, 104.40%-
211.16%, and 57.82%-138.36% when the density is reduced from 0.1
to 0.05 and 0.01, respectively. It implies that ADTopk still achieves
higher training throughput by its decent parallelism, even if the
density is reduced to a certain level (e.g., density=0.01) which often
makes the communication no longer a bottleneck in data-parallel
distributed DNN training systems. Note that in practice, smaller
densities may impair convergence.

7 CONCLUSION
ADTopk is a high-performance gradient sparsification compression
that addresses the challenges of dimensionmissing and single global
sorting caused by the traditional Top-k. ADTopk proposes an all-
dimension-based elements selection, which improves convergence
accuracy by retaining more dimension information of the gradient
tensor and improves the training throughput by increasing the
parallelism of GPU cores. ADTopk also proposes an interleaving
compression scheme to accelerate the model convergence as well
as an efficient threshold estimation scheme. While maintaining
almost the same convergence accuracy as the non-compression
baseline, ADTopk improves the training throughput by 12.28%-
293.49% compared to the state-of-the-art sparsification compression
methods for six popular DNN training tasks on a local cluster and
in a public cloud, respectively.
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