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Abstract  Training deep learning models is a primary task in large-scale systems. In recent
years, with the dramatic increase in model parameter counts and dataset sizes, the number of
nodes participating in parallel training has grown significantly, leading to escalating communica-
tion overhead between nodes. Consequently, inter-node communication costs have gradually be-
come a performance bottleneck in distributed training. Gradient compression techniques address
this by mapping gradients from floating-point formats to low-bit representations, reducing data
transmission overhead and improving training efficiency. These techniques have emerged as a key
solution to alleviate communication bottlenecks in distributed deep learning. However, achieving
significant performance improvements through gradient compression remains challenging. In
practical applications, gradient compression faces the following issues: (1) ineffective optimiza-
tion of startup overhead for small-scale tensor communication, (2)competition between compres-
sion operations and tensor computations for GPU resources, which delays the initiation of gradi-

ent transmission, and (3) potential model accuracy degradation requiring careful handling. To
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maximize the benefits of gradient compression and address these challenges, we designed the
SlimGC strategy for universal gradient compression enhancement to accelerate distributed deep
learning training. First, SlimGC employs a compression optimization strategy that constructs a
communication threshold table to dynamically determine optimal compression thresholds during
training. This strategy exhibits strong adaptability and generalization, enabling real-time adjust-
ments to diverse network environments while maintaining training accuracy and performance.
Second, SlimGC adopts a compression offloading strategy that shifts compression-related compu-
tations from GPUs to CPUs. This avoids frequent context switching between model computa-
tions and gradient compression tasks on GPUs, thereby reducing resource contention and ineffi-
ciency. Finally, SlimGC implements a model backup strategy that maintains an auxiliary backup
model to achieve high overlap between computation and communication. This technique elimi-
nates read dependencies on model parameters across worker nodes, effectively hiding CPU com-
pression costs and partial communication overhead. The experiments in this study were conduc-
ted on a cluster equipped with 16 V100 GPUs, testing typical image recognition and natural lan-
guage processing models, including evaluations on the CIFAR-10, ImageNet ILSVRC2012, and
GLUE SST?2 datasets. Experimental results demonstrate the following: (1) Accuracy: SlimGC
improves the accuracy of image recognition models by at least 1. 1%, and increases the F1 score
of the BERT-Base model by at least 0.4%. (2)Parameter Sensitivity: Without requiring hyper-
parameter tuning for optimality, SlimGC limits the accuracy loss compared to the highest achiev-
able accuracy to within 0.6%. (3) Performance: Under a 100 Gbps network environment,
SlimGC enhances the training speed of image recognition and natural language processing models
by up to 74.3% and 75.9%, respectively. When compared horizontally with THC, SlimGC a-
chieves up to a 1. 55 X performance improvement. (4)Training composition, SlimGC reduces the
communication cost of ResNet-152 by up to 35. 6%, and validates that the model backup strategy
effectively optimizes the shortcomings of the compression offloading strategy. (5)Memory Effi-
ciency: SlimGC achieves up to 10. 3% reduction in GPU memory consumption. These results
highlight SlimGC’s ability to balance performance, accuracy, and resource efficiency while main-
taining adaptability to diverse network conditions. Furthermore, the findings are extensible to
broader distributed computing scenarios, such as federated learning and edge intelligence, dem-
onstrating its potential for real-world deployment.

Keywords distributed deep learning; gradient compression; distributed communication optimi-

zation; compression offloading; memory consumption
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ents across distributed systems has become a critical
performance bottleneck. While significant strides have
been made in optimizing collective communication op-
erations, such as allreduce, the problem remains an
active area of research with continuous advancements
in both industry and academia.

This paper contributes to the field by desig-
ning a non-customized distributed deep learning
train system, SlimGC, it which significantly en-
hances the training throughput of distributed deep
learning(DDL) tasks We demonstrate that SlimGC
can improve the train speed by up to 74.3% for 1-
bit compression and 68. 7% for 2-bit compression,
while also achieving a convergence accuracy in-
crease of 1.1% to 2. 3% and reducing GPU memo-
ry consumption by 10. 3%. These improvements
are not only theoretical; they have practical impli-
cations for the deployment of DDL in resource-con-
strained environments.

Our work is part of a larger project aimed at
optimizing distributed computing systems, which
is funded by the National Key Research and Devel-
opment China ( Grant No.
2022YFB4501702) and National Natural Science
Foundation of China (NSFC) under Grant Agree-

Program  of

ments U24B20151. The significance of this project
lies in its potential to democratize access to high-
performance computing resources, enabling a
broader range of institutions and businesses to en-
gage in data-intensive tasks without the need for
excessive infrastructure investment,

Besides SlimGC, the research group contribu-
ting to this study has a history of impressive work
in the field of distributed systems and high-per-
formance computing. Our previous research has
explored various aspects of distributed training,
including communication scheduling, priority-
based parameter propagation, optimization of gra-
dient compression and the development of generic
communication libraries for deep neural networks.
The outcomes of this paper are part of a compre-
hensive research plan that aims to advance the
state-of-the-art in distributed deep learning. By
improving gradient compression techniques, we
are addressing one of the core issues that limit the
scalability and efficiency of distributed training
systems. We believe that our findings will contrib-
ute to the broader goals of the project and pave the
way for more effective and accessible distributed

computing solutions.





