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Abstract

Mixture-of-Experts (MoE) architecture with experts paral-
lelism scales LLMs efficiently by activating only a subset of
experts per input, avoiding proportional training costs. How-
ever, the intensive and heterogeneous communication sub-
stantially hinders the efficiency and scalability of MoE train-
ing in the resource-constrained scenario. Existing commu-
nication compression techniques fall short in MoE training
due to: (i) Intensive training amplifies compression overhead,
compromising training efficiency; (ii) Accumulated compres-
sion errors propagate through the network, degrading training
quality. In this paper, we propose RCMoE, a communication-
efficient Random Compression framework for MoE train-
ing with two core modules: (1) Local-Stochastic Quantiza-
tion compresses the all-to-all communication by stochasti-
cally quantizing each row of the expert’s intermediate com-
puting results in parallel, effectively improving the compres-
sion efficiency and reducing compression error; (2) Proba-
bilistic Thresholding Sparsification compresses the all-reduce
communication by probabilistically sampling large gradients
at high probability, thereby reducing the computational com-
plexity and maintaining the convergence efficiency. Exper-
iments on four typical MoE training tasks prove that RC-
MoE achieves higher 5.9x-8.1x total communication com-
pression ratios and 1.3x-10.1x training speedup compared
with the state-of-the-art compression techniques while main-
taining the MoE training accuracy.

Introduction

The success of deep learning is attributed to leveraging both
large-scale training data and expansive model sizes. For ex-
ample, in domains like language generation, machine trans-
lation, and computer vision, augmenting model capacity sig-
nificantly boosts model performance when datasets are suit-
ably large (Gong et al. 2024; Zhang et al. 2024a,b; He et al.
2024a). However, the dense nature of deep networks, where
each example is processed by every parameter, leads to esca-
lated training expenses. This includes increased demands on
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Figure 1: The runtime breakdown of naive no-compression
MOoE training (left bar) and RCMOE training (right bar).

memory and computing power, proportionate to the growth
in both model and dataset scales (Tian and et al. 2024).
Mixture-of-Experts (MoE), a form of conditional com-
putation architecture, has recently proven effective in ex-
panding model capacity with sub-linear cost (Shazeer et al.
2017). Different from directly scaling small models to a
large dense model, the MoE layer consists of many small
feed-forward networks, named experts. Training samples are
dynamically and sparsely activated by a trainable gate net-
work and fed to different experts. Due to the sparse activa-
tion pattern saves much computation, MoE notably boosts
the number of samples trained within the same time, en-
hancing model accuracy with lower computational FLOPs
(floating point operations) compared to conventional dense
models (Nie et al. 2024; Dai et al. 2024; Huang et al. 2024).
Communication Bottleneck in MoE: Although the flex-
ible MoE structure makes it more feasible to train a giant
model beyond a trillion scale, its training process is still ex-
tremely costly. A 600 billion MoE model takes 2048 TPUs 4
days to train (Lepikhin et al. 2021). To improve training effi-
ciency, expert parallelism is introduced to train MoE models
by partitioning experts into different computing nodes, with
each node processing various training batches in parallel. In
MOoE layers, intermediate computing results are exchanged
to the desired expert nodes via ’all-to-all’ collective com-
munication. In non-MoE layers, weight gradients are syn-
chronized using the ’all-reduce’ collective communication.
These transmitted data have different types and structures
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Figure 2: Challenges of MoE communication compression.
(a) Time breakdown of the naive no-compression MoE train-
ing (1°¢ bar), Top-0.1 sparsification (2"¢ bar), and 8-bit lin-
ear quantization (374 bar). (b) The MoE accuracy impact of
Top-k sparsification and linear quantization under various
compression ratios.

referred to as Heterogeneous Data in this paper.

Due to the heterogeneous data that needs to be intensively
transferred in every iteration, communication overheads be-
come a significant bottleneck during MoE training, particu-
larly in the bandwidth-constrained devices. To closely exam-
ine the communication bottleneck, we conduct four typical
MoE training tasks on a commonly used cloud computing
platform (detailed in Section ). The left bars of Figure 1
indicate that the communication times not only dominate
about 45.2%-54.8% of the average runtime, but also esca-
late rapidly as the number of experts increases.

Issues of Existing Solution: To improve MoE training
efficiency, several studies have focused on modifying the
MoE model architecture (He et al. 2022; Xue et al. 2022;
Shi et al. 2024) or optimizing the training workflow and re-
source scheduling (Li et al. 2023; Zhai et al. 2023; Shi et al.
2023). However, the communications cannot be effectively
overlapped with ongoing computations because the compu-
tation of the expert network relies on the outcomes of com-
munications. Moreover, these works inevitably intrude on
the MoE training workflow, restricting general applicability.
Given that these heterogeneous communications become in-
creasingly expensive as MoE models scale up, further com-
pressing the communication cost in MoE training is an ur-
gent necessity and a promising complement to prior studies.

Recently, communication compression techniques, such
as sparsification and quantization, have been successfully
employed to compress the gradient in popular data-parallel
distributed learning because of their notable compression ra-
tios and scalability (Tang and et al. 2024; Hu and et al. 2024;
Huang and et al. 2024; He et al. 2024b). However, our pre-
liminary evaluation reveals two specific issues when apply-
ing existing compression techniques to the intensive and het-
erogeneous communication during MoE training: (1) Over-
head Amplification issue: The frequent forward and back-
ward propagation leads to intensive communication, which
in turn raises the cost of compressing such communication,
particularly in resource-constrained devices. Figure 2 (a)
shows that communication compression accounts for up to
89.6% of the total execution time. (2) Error Propagation is-
sue: Communication compression of intermediate comput-
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ing results spans the entire network, causing compression
errors to propagate and accumulate layer-by-layer. Figure 2
(b) shows the information distortion degrades 18.9%-66.7%
MOoE accuracy. Due to the lack of consideration for data het-
erogeneity, existing compression techniques struggle to ef-
fectively address both issues, making it difficult to achieve
tangible compression gains during MoE training.

Therefore, the challenge of designing a solid MoE com-
munication compression approach is to consider both the
computing efficiency and model accuracy in different com-
munication stages with heterogeneous data. In this paper,
we propose RCMoE, a lightweight Random Compression
framework for MoE training tailored for different commu-
nication stages. RCMoE solves the above issues based on
several observations and techniques as follows.

All-to-all Communication Stage: By studying the data
structure and statistical properties of the expert’s interme-
diate computing results matrix, we observed that the spe-
cial token similarity incurs a more dispersed distribution
and distinct ranges along rows compared to columns. Us-
ing this feature, we propose a Local Stochastic Quantization
(LSQ) to compress all-to-all communication while solving
the above issues as follows: @) LSQ constructs an unbiased
and fine-grained mapping between floating-point values and
integers, effectively eliminating systematic bias and reduc-
ing variance, thereby mitigating error propagation. 2 LSQ
employs the lightweight stochastic operation to each row in
parallel, effectively reducing the complexity and improving
the efficiency, thereby lowering the quantization overhead.

All-reduce Communication Stage: By analyzing the
weight update process in the non-MoE layer, we noticed
a layer-wise local data parallelism pattern during gradient
synchronization. This pattern motivates us to introduce a
lightweight Probabilistic Thresholding Sparsification (PTS)
to compress all-reduce communication and solve the above
issues as follows: (D PTS only samples a subset of large gra-
dients with higher probabilities, exploiting the lightweight
advantage of random processes to achieve fast gradient spar-
sification with O(N) complexity. @) PTS preserves expecta-
tion invariance for sampled sparse weight gradients and sup-
ports flexible sparsity control, effectively eliminating sys-
tematic bias and bounding variance.

We implement RCMOoE to speed up MoE training by in-
tegrating LSQ and PTS within the integer MoE training
system. We also provide a theoretical analysis to demon-
strate the convergence efficiency of RCMoE. To the best
of our knowledge, RCMOE is the first compression frame-
work tailored for MoE training, capable of efficiently han-
dling heterogeneous data across different communication
stages while preserving training quality. Figure 1 (b) sug-
gests that RCMOE efficiently reduces communication times
2.7x-7.3x at low overheads, making MoE training accessi-
ble in platforms with limited computing and communication
resources. Our contributions can be summarized as follows:

* We identify two special challenges when applying exist-
ing communication compression techniques in resource-
constrained MoE training: (i) The intensive communica-
tions of MoE training significantly amplify the compu-
tational overhead of compression; (if) The compression
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Figure 3: The distribution property of the intermediate com-
puting results. (a) Pairwise similarities. (b) Value ranges.

error of intermediate computing results propagates layer-
by-layer, inevitably degrading the MoE training quality.

We propose RCMoE, a random compression frame-
work for MoE training with two key modules: (i) Lo-
cal Stochastic Quantization (LSQ) randomly quantizes
each row of intermediate computing results in par-
allel, efficiently compressing all-to-all communication
while reducing the information distortion; (if) Proba-
bilistic Thresholding Sparsification (PTS) randomly sam-
ples large gradients while preserving expectation invari-
ance, efficiently compressing all-reduce communication
while maintaining convergence efficiency.

We conduct comprehensive evaluations across main-
stream MoE training tasks, involving multiple model
structures and datasets with different scales. Experimen-
tal results demonstrate that RCMoE achieves 5.9x-8.1x
compression ratios and 1.3x-10.1x training speedup
while maintaining MoE training quality.

Background and Related Work

MoE architecture: The most common use of MoE is to ex-
tend the MLP layer of the state-of-the-art sequence Trans-
former (Vaswani et al. 2017; Dosovitskiy et al. 2021; Brown
et al. 2020) by a large number of feed-forward networks (i.e.,
experts) (Shazeer et al. 2017; Lepikhin et al. 2021). For each
training iteration, samples are fed into a few experts, dynam-
ically selected by a trainable gate network. Given that differ-
ent small models are experts in different domains, and can
only be activated when the data in their domain is input. The
MOoE architecture not only increases model capacity and im-
proves performance, but also reduces computational cost by
activating only a sparse subset of experts per input.

Data Flow: The MoE layer’s experts are distributed
across devices (e.g., GPU), while all other non-MoE lay-
ers are replicated. In the Feed-Forward (FF) propagation, the
feature activation of tokens is processed by the gating net-
work to select the appropriate expert, after which it is routed
to the designated experts via all-to-all communication. Once
the designated experts complete their computation, the re-
sults are returned to the original device for further process-
ing through an additional all-to-all communication. In the
Back-Propagation (BP) propagation, two reverse all-to-all
are used to transfer the feature gradient of the corresponding
feature activation along the reverse trace. Additionally, one
all-reduce communication is used to synchronize the weights
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gradient of the shared parameters in other non-MoE layers.
As introduced in Section , these intensive and heterogeneous
communications dominate the overall runtime of MoE train-
ing, significantly degrading its efficiency.

Observation and Motivation

As shown in Figure 2, increasing the bit-width from 6 to 8
bits for quantizing intermediate results mitigates accuracy
degradation, but at the cost of a lower compression ratio due
to increased communication traffic for fidelity preservation.
This motivates us to achieve higher compression accuracy
under limited bit-widths, striking a better balance between
communication overhead and model performance.

To this end, we first study the distinctive data structure
of the MoE layer. We observed that the input of each ex-
pert is a 2-D intermediate computing result matrix of the
preceding non-MoE layers. Each row represents the seman-
tic vector of each token, and each column corresponds to
the activation value of a specific dimension on all tokens.
Then we explore the distribution property of the matrix by
randomly selecting 200 rows/columns and calculating their
pairwise similarities. The lighter color in the upper three im-
ages of Figure 3 (a) indicates that rows exhibit higher inter-
similarity than columns. Intuitively, this similarity property
can be explained as: (1) Zipfian token distributions in real-
world data lead to data-induced similarity(Zhang et al. 2025;
Wang et al. 2024; Cho et al. 2024); (2) Transformer attention
promotes token similarity by integrating contextual seman-
tics(Wolfe and Caliskan 2022; Devlin et al. 2019). Further-
more, Figure 3 (b) shows that the value ranges vary greatly
across rows, indicating that while rows exhibit similarity,
their dynamic ranges differ significantly. Given these prop-
erties, we expect a row-wise parallel quantization strategy
to offer two key advantages: (1) improved compression pre-
cision through finer-grained representation; (2) lower com-
pression overhead due to enhanced computation efficiency.

To verify our conjecture, we further explore the time costs
and model training quality of 8-bit quantization with various
implementations as below: Figure 4 (a) shows that the row-
wise quantization strategy achieves a higher MoE training
quality than the column-wise quantization and global quan-
tization. This result suggests that mapping each row with
a more dispersed distribution allows for more effective uti-
lization of the quantization intervals, obtaining a more accu-
rate representation and lower quantization error. Figure 4 (b)
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Figure 5: The workflow of our proposed RCMOoE.

shows that the runtime of row-wise quantization is signifi-
cantly lower than the global quantization at different scales.
This is because the linearity of matrix multiplication enables
efficient CUDA parallelism, thereby achieving a faster com-
pression speed. Therefore, the above observations and moti-
vations provide strong support for the design of our Local
Stochastic quantization, which enables efficient compres-
sion with low overhead and error (detailed in Section ).

Design and Implementation
Overview

Figure 5 shows the workflow of our proposed RCMOoE,
which consists of two key compression modules:

1. Local-Stochastic Quantization (LSQ): Randomly quan-

tizing each row of intermediate computing results of

MOoE layers in parallel during all-to-all communication.

. Probabilistic Thresholding Sparsification (PTS): Ran-
domly sampling the large weight gradients of non-MoE

layers during all-reduce communication.

In the next subsection, the detailed design and implemen-
tation of LSQ and PTS are introduced.

Local Stochastic Quantization (LSQ)

In the MoE layer, the intermediate computing results of
experts (i.e., activations and gradients of features) are ex-
changed through intensive all-to-all communication with
huge communication costs. We introduce a Local Stochas-
tic Quantization (LSQ) algorithm to achieve fast communi-
cation compression while maintaining the low quantization
error. As illustrated in Figure 6, the key insight of LSQ is to
parallelly map each row of the original floating-point matrix
to the nearest quantization endpoint with higher probability.

Row-wise Unbiased Quantization: Given x; € RY is the
i-th row of the original floating-point intermediate comput-
ing result matrix X € RM*¥ and the assigned bit-width B.
The range of quantization levels is [1,...,1,] 4+ 1,...L] with
L = 25.180Q quantizes the i-th elements z;; € R of x;
to &;; as below: (D Calculating the scaled floating points as

fij; = ‘"L”I , with s; = ||X;||o. fi; is used to reflect the pro-
portion of x;; within the entire range of x;; @ Locating the
bucket [{, [ +1] for z;; according to f;;, where [ = | f;;| x L
is the left endpoint of the bucket and [ + 1 is the right end-
point. 3 Calculating the distance from f;; to each endpoint
asd; = fij x L—land d;41 = l+1— f;; x L, where d; and
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Figure 6: The workflow of LSQ module of RCMoE.

d;+1 are located in [0, 1] while summing to 1. @ Given that
the closer f;; is to [, the more likely it is to quantize x;; to [.
We establish a negative correlation between distance and the
probability of z;; to the endpoint by defining the probability
p;; of mapping x;; to ! + 1 and [ as below:

(Iij:{

Doing so, z;; can be mapped to the closer endpoint (e.g., [ or
[+ 1) at a larger probability. © Assigning x;; to the specific
bucket endpoint (e.g., ! or [+1) as the quantized value Z;; by
comparing the probability with a random number generated
from the uniform distribution (i.e., Probabilistic Threshold-
ing (Prob. THR) method) at low O (V) time complexity.
Quantization of Scalars: For each row x;, since LSQ pro-
duces an individual scaling factor s; = ||X;||~, for normal-
ization, the resulting additional communication overhead
becomes substantial at large batch sizes. Therefore, these
floating-point scalars should also be further compressed.
Considering that all s; constitute a floating-point number
set s = [s1,..., S, ..., Spr], We compress each s; to a K-
bit s; while maintaining the computation and convergence
efficiency by applying the above stochastic quantization al-
gorithm again. Empirical evaluations suggest that 3-4 bits of
quantization are enough to maintain MoE training quality.
Unbiased Recovery: After the above LSQ compression,
the sender node needs to transfer (7) the signed quantized in-
teger Q € RM*N of the original intermediate computing re-
sults; (i) the signed quantized integer scalars q5 € RM: (iii)
one floating-point scalar of the quantized scalars set s, to the
target expert node. The trainable floating-point counterpart
of ;; can be unbiasedly recovered as ;; = §; X sgn(z;;) X
g¢i; with E[(g;;)] = x;;, where sgn(-) returns the signs of
the input vector. Formally, the variance of quantization error

B35 + s L 131‘2"'%)
(see Appendix A.1 for the detailed derivations).

Compared to unified global quantization, LSQ lever-
ages unbiased row-wise representations to achieve unbiased-
ness and bound the variance of the original data, thereby
maintaining MoE training quality. Meanwhile, its low-
complexity randomization process and CUDA-friendly ma-
trix operations significantly enhance compression efficiency.

l/L, with p;j = di11

(1+1)/L, with p;=d, M

is given by oo < N - (

Probabilistic Threshold Sparsification (PTS)

In the non-MoE layer, the all-reduce communication of
weight gradients synchronization in non-MoE layers also
introduces substantial communication overhead in many
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large-scale MoE architectures, highlighting the need for
compression of these weight gradients. Motivated by ()
large gradients are more important to model learning; (i)
unbiasedness helps to maintain training convergence, we in-
troduce a Probabilistic Thresholding Sparsification (PTS)
algorithm to reduce the non-MoE layer’s communication
costs. As illustrated in Figure 7, the key insight of PTS is to
sample the gradient items with larger magnitudes at a higher
probability while flexibly balancing the compression ratio
and convergence efficiency.

Randomly unbiased Sampling: Assuming that the set of
weight gradients in a non-MoE layeris g = {¢1, 92, .-, gk }»
the sampled sparse gradients are g. We first construct the

sampling probability for the gradient item g; as p; = ‘ﬁ;lllg;‘ ,
which is positively associated with its magnitude. Noting
that ¢ > 0 is a scalar used to achieve a more flexible bal-
ance over the convergence rate and communication costs ac-
cording to user preference. For example, we can improve
the sampling probability using a large o, leading to a lower
compression ratio and a faster convergence rate. According
to the sampling probability p;, we can obtain the i-th com-

ponent g; of g as:

where b; € {0, 1} indicates whether g; will be set to 1. Equa-
tion 2 compresses the original dense gradients to sparse gra-
dients. Similarly, this random sampling process could be ef-
ficiently implemented using the Probabilistic Thresholding
method at a low O(N) computational complexity.

G =2 < b with

bi

D(b; |

Pb; @

Unbiased Recovery: After the above random sampling,
weight gradients of non-MoE layer are compressed to (i) the
signs (+1) of the non-zero elements in g;, each element of 1-
bit; (i) the corresponding indexes of these elements; (iii) one

floating-point factor llelle shared in each weight gradients.
The receiver can recover the unbiased weight gradients as
i = @ sgn(g;) with E[g;] = g;. Forrnally, the variance

bound of spar51ﬁcat10n error is given by oig < M,

with o governing the trade-off between spar51ty and conver-
gence (see the proof in Appendix A.2).

Therefore, PTS ensures that no systematic bias is intro-
duced into MoE training and effectively bounds the variance
of the compressed gradient. Furthermore, the lightweight
random sampling process incurs low compression overhead.
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Convergence Analysis

From the view of bias—variance decomposition, both LSQ
and PTS of RCMOoE are unbiased and exhibit bounded com-
pression error variance. Assuming that the loss function
L(0) is L-smooth and bounded by the optimal £(6*). For-
mally, the averaged gradient norm of RCMOE satisfies:

2L(L(01) — L") UESQ + OB
VT VT
3)

1/(LVT) and 035, < N -
( M

4K+5.36 4362111+4K6) S%
(the derivations are detailed in Appendix A.3).

Therefore, RCMoE can effectively maintain the
O(1/VT) convergence rate of SGD, with compres-
sion errors appearing as additive constants in the bound.
The total variance o2 explicitly quantifies the trade-offs
between quantization bits (B, K'), sparsity level (o).

1 T
= S EIIVEG)IP) <

where learning rate 7

2
and oprg

Experiments
Experimental Setup

Evaluation environment: We conduct experimental evalu-
ation on a cloud platform with a typical cluster topology,
consisting of 4 nodes, each equipped with 4 NVIDIA Tesla
V100-SXM2-16GB GPUs (16 GPUs in total). Intra-node
connections use 400 Gbps NVLink, and inter-node commu-
nication is over 25 Gbps Ethernet. The modest bandwidth
and compute resources are consistent with our resource-
constrained training scenario. Different compression tech-
niques are implemented using the Pytorch v.2.2.1
package in Python 3.8.13. The all-to-all and all-reduce com-
munication is built on the collective communication of
torch.distributed (Paszke et al. 2019) package, uti-
lizing the NCCL v.2.19. 3 backend.

Tasks, Models, and Datasets: To fairly evaluate compres-
sion effectiveness, four typical MoE training tasks at differ-
ent moderate scales are selected to align with our resource-
constrained training environments. GW2: GPT-based MoE
with 0.13B parameters trained on WikiText2 (Merity et al.
2017); GW103: GPT-based MoE with 1.6B parameters
trained on WikiText103 (Merity et al. 2017); VC100:
ViT-based MoE with 0.21B parameters trained on CI-
FAR100 (Krizhevsky and Hinton 2009); VT200: ViT-
based MoE with 0.96B parameters trained on TinyIma-
geNet (Krizhevsky, Sutskever, and Hinton 2012). The op-
timizer is Adam with le-3 learning rate.

Baseline and Compared Methods: Considering that RC-
MoE applies different modules, LSQ and PTS, to com-
press various communication stages, we select six state-of-
the-art communication compression techniques for compar-
ison under two evaluation strategies to validate our advan-
tages: (D Individual Module Evaluation: Compressing all-
to-all communications using quantization-based techniques
ShapeShifter (Lascorz et al. 2019), PWLQ (Fang et al.
2020), QSGD (Alistarh et al. 2017), and LSQ. Compressing
all-reduce communications using sparsification-based tech-
niques MSTop-k Sparsification (MSTop-K) (Shi et al. 2021),
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Figure 8: RCMoE’s LSQ module obtains better model train-
ing quality in compressing the all-to-all communication un-
der the same bit-width.

Rand-K Sparsification (Rand-K) (Stich and et al. 2018),
DGC (Lin et al. 2018), and PTS. Comparing their isolated
impact on MoE training quality under the same compression
level. @ Comprehensive System Evaluation: We simultane-
ously compress both all-to-all and all-reduce communica-
tions in the integrated MoE training system by leveraging a
combination of distinct compression techniques. Comparing
their comprehensive performance under the best practice.

Individual Module Evaluation

The most critical prerequisite for communication compres-
sion is that it must not significantly degrade the MoE train-
ing quality, such as convergence rate and model accuracy.
Thus, we first separately evaluate the performance of LSQ
and PTS in maintaining MoE training quality.

All-to-All compression: Figure 8 shows that under the
same bit-width, LSQ achieves the best MoE training qual-
ity similar to the native no-compression solution, as its row-
wise unbiased quantization effectively constrains the bias
and variance of quantization error. In contrast, ShapeShifter,
which adopts global and biased linear quantization, fails to
maintain convergence stability in the VC100 task. Although
the popular stochastic rounding QSGD employs unbiased
gradient quantization based on the Ls-norm under data par-
allelism context, it is ineffective for compressing interme-
diate results and often leads to training divergence. PWLQ
reduces the variance of quantization error through a piece-
wise linear quantization strategy, but it fails to eliminate the
systematic bias introduced during training, leading to unsta-
ble convergence in the VT200 task.

All-reduce compression: Figure 9 shows that under the
same sparsity, PTS achieves the best MoE training qual-
ity, which has a similar performance to the native no-
compression solution. This is since the unbiased represen-
tation of PTS preserves the expected gradient optimization
direction, and the hyperparameter o controls the variance
of compression error. In contrast, MSTop-K introduces bias
and Rand-K suffers from high variance, both of which hin-
der stable convergence across various tasks. Although DGC
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Figure 9: RCMoE’s PTS module obtains better model train-
ing quality in compressing the all-reduce communication
under the same sparsity.

Accuracy? or Perplexity] GW2] GW103| VC100T VT2001

Naive(no compress) 311.1 291.5 0.7284  0.5324
PWLQ+Rand-K 4742  551.1 0.7196  0.2514
PWLQ+DGC 3109 336.6  0.7208 0.5168
PWLQ+MSTopk 305.3 1869.0 0.6585 0.2702
QSGD+Rand-K 351.2 7539 0.7045 0.2852
QSGD+DGC 309.3 3259  0.7116  0.5048
QSGD+MSTopk 310.7 3013 0.6416 0.2797
ShapeShifter+Rand-K 405.8 4927  0.7192 0.5545
ShapeShifter+DGC 306.1 3209 0.7194 0.5248
ShapeShifter+MSTopk 310.2 3042  0.6536 0.2797
RCMoE(ours) 304.5 3019 0.7235 0.5861

Table 1: The comprehensive MoE training quality evalua-
tions of various compression methods. Bold and underlined
numbers are the best and the second-best performances.

achieves a similar convergence quality to PTS in the GPT-
based language tasks, the incurred bias significantly de-
grades the MoE training quality in ViT-based vision tasks.

Comprehensive System Evaluation

To evaluate the comprehensive performance of RCMoE in
the integral MoE training system, we simultaneously em-
ploy LSQ and PTS in distinct MoE communication stages
and compare the performance with the combinations of
other quantization and sparsification techniques under their
best practice. The best practice indicates that within the
same MoE communication rounds, training to the near-
uncompressed MoE training quality, the maximum compres-
sion ratio of a particular approach (e.g., we gradually in-
crease the bit-width of QSGD until it just meets the target
accuracy on the VC100 Task).

Table 1 demonstrates that RCMoE outperforms the com-
binations of other compared methods in the MoE training
quality across most tasks. Specifically, the experimental re-
sults show the converged MoE validation accuracy or per-
plexity of different technique combinations on four tasks.
We observe that although most techniques do not compro-
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Figure 10: The evaluation of communication compression
ratio and compression throughput (Gbps) of different tech-
nique combinations across various tasks.

mise the MoE training quality under their best practice, their
combination may result in degraded MoE training quality. In
contrast, RCMoE consistently maintains performance com-
parable to the naive no-compression baseline and achieves
the best MoE training quality in most tasks. This is because
the LSQ and PTS modules of RCMoE are mutually com-
patible, jointly preserving unbiasedness and controlling the
variance across different compression stages, thereby effec-
tively maintaining the MoE convergence during the training.

Figure 10 (a) presents the communication compression ra-
tio of different techniques, computed as the ratio between
the original and compressed communication costs. Exper-
imental results show that RCMoE achieves higher 5.9x-
8.1x overall compression ratios in most tasks. This is be-
cause LSQ and PTS modules achieve near-uncompressed
MoE accuracy via less bit-width and higher sparsity in all-
to-all and all-reduce communication stages, thereby can re-
duce more communication costs. The superior compression
ratio of RCMoE makes it well-suited for MoE training in the
bandwidth-constrained platform.

To evaluate the computational efficiency of compression,
we further evaluate the compression throughput of differ-
ent approaches, defined as the volume of compressed data
divided by the compression runtime. Figure 10 (b) shows
that RCMOE achieves a higher throughput of 1004.3-1743.9
Gbps in most tasks due to the higher compression ratio,
higher efficiency, and lower time complexity of LSQ and
PTS. RCMOoE’s lightweight advantage benefits MoE train-
ing in compute-constrained devices.

Scalability and Time Breakdown Evaluation

The essential purpose of communication compression is to
speed up MoE training at different scales of nodes. To fur-
ther demonstrate the scalability of RCMoE, we evaluate the
average per-iteration time breakdown across 4, 8, 12, and
16 GPUs. Figure 11 shows the runtime breakdown of feed-
forward and backward propagation (FF&BP), communica-
tion, and compression. Red numbers are the speedup rate
to the native no-compression baseline. QSGD, Rand-K, and
MSTop-K are excluded from the evaluation due to their sig-
nificant impact on MoE training quality in most tasks.

26882

<]
& £ Communication QQ &5 Communication
bé 097 EZ Compression | . Compression
¢ I FF&BP )
@” & | ™ FF&BP
8y . N qs’ Ve
) 301x
,\& 0.90x QS’ o = 2,00x S
N® & ENE S
‘QQQ 21.01x| & L8 1.90% ,
N f n : : :
(a) GW2 "(b) GW103
Time costs (s) o Time costs (s)
NE ES Communication Q,Q . =] Commumcatlon
& EZ Compression S
o BN FF&BP &
N §
£ S
N)
Y L
él N &
’Q’ & ) <
o 3.90x &
& 21.61x ; S
S
N !

(c) VC100
Time costs (s)

(d) V200
Time costs (s)

Figure 11: The average time breakdowns per iteration on
4, 8, 12, and 16 GPU nodes. Bars from bottom to up are
naive no-compression, PWLQ+DGC, ShapeShifter+DGC,
and our proposed RCMoE.

Experimental results suggest that (i) the moderate com-
pression ratio and limited compression throughput of
PWLQ/ShapeShifter+DGC limit their training speedup and
even prolong the training time (e.g., VT200). (i{) RCMoE
achieves higher compression ratios across different tasks
at lower computational costs, obtaining the highest 1.3x-
10.1x MokE training speedup. (iii) RCMoE achieves higher
speedup with more GPUs in most tasks, as more commu-
nication is reduced in parallel without incurring noticeable
overhead. In summary, RCMOoE efficiently reduces commu-
nication costs and improves the efficiency of MoE training
at different scales. Therefore, the scalability of RCMoE not
only facilitates the deployment of MoE models on resource-
constrained platforms but also enables efficient scaling in
large-scale MoE training environments.

Conclusion

In this paper, we propose a lightweight and scalable commu-
nication compression framework called RCMoE, which uti-
lizes Local Stochastic quantization and probabilistic thresh-
old sparsification to compress the heterogeneous data in dif-
ferent MoE communication stages with a theoretical con-
vergence guarantee. Experimental results on the mainstream
MoE training tasks demonstrate that RCMoE achieves
higher 5.9x-8.1x communication compression ratios and
1.3x-10.1x training speedup than state-of-the-art methods
while maintaining the MoE training quality. In the future, we
aim to optimize the efficiency of RCMoE with CUDA and
implement it into the collaborative communication library.
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