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Abstract—Recent development has exhibited that neural net-
work models with extensive parameters can achieve impressive
performance in various machine learning tasks. The Mixture-
of-Experts (MoE) architecture, which substantially increases the
model size with parallel expert networks but not the computation,
has been successfully exploited in building large models. Due
to the large number of model parameters, distributed training
of MoE models is necessary, with experts distributed across de-
vices/machines. A main inefficiency in distributed MoE training
is due to the unbalanced transfer and processing of different
numbers of tokens to and by the experts, which may incur net-
work congestion and prolonged expert training time. We pro-
pose a dynamic expert migration (DEMI) algorithm to optimally
distribute experts among workers in each training iteration of
model learning, and carefully schedule token transmission and
expert training to minimize the overall expert training time. Our
algorithm is supported by theoretical guarantees. Extensive eval-
uation demonstrates that DEMI can reduce 34.6% training time
compared to representative baseline approaches and achieve 1.3x
more balanced workload among workers.

I. INTRODUCTION

The parameter size of neural network (NN) models has
increased from millions to trillions in recent years, e.g.,
Gemma [1] with 2 billion parameters and PaLM [2] with 540
billion parameters. This large model size enables substantial
model performance improvement on many real-world tasks,
such as natural language processing and image generation [3—
6]. The Mixture-of-Experts (MoE) architecture has been suc-
cessfully adopted to enlarge model capacity using parallel
model structures (aka experts) [7]. Unlike directly scaling NN
models to large dense models [8], the MoE architecture is
usually added as one or multiple MoE layers in an NN model
(e.g., a Transformer model), which can significantly expand
the model’s capacity while introducing little extra computa-
tion [3,4,7,9].

With an MoE model, the training samples (e.g., tokens) are
fed to different experts for processing, dynamically selected
by a lightweight trainable gating network (or gate function,
or router) [9-11]. Each sample is typically routed to the top-
k (k > 1) best experts. Compared with dense training meth-
ods (whose processing of each sample involves all parameters
in the NN model), the sparse activation of MoE architecture
significantly reduces the computation workload. Google has
developed a language model family, GLaM, using MoE with a
maximum of 1.2-trillion parameters [3], which achieves better
zero-shot and few-shot performance than GPT-3 (175-billion
parameters), while consuming only 1/3 of the training energy
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as compared to GPT-3 [12].

Although the MoE architecture makes it more feasible to
learn giant models, training an MoE model is still time and
resource intensive. Expert parallelism is commonly adopted
where experts are assigned to run on different workers (devices
such as GPUs). For example, the 600-billion-parameter MoE
model GShard [9] was trained using 2,048 TPUs in 4 days. To
improve expert parallelism and expedite MoE model training,
addressing the following two aspects is the key:

First, training workload is unbalanced among the experts.
Some experts can receive many more tokens than others, lead-
ing to an overload at their workers, while other workers may
be quite idle. This significantly lowers hardware utilization
and training efficiency. In addition, the popularity of experts
may change over the training iterations, necessitating dynamic
workload balancing.

Second, the all-to-all communication, where workers receive
inputs to and output from the MoE layer (consisting of the
gating network and experts) from other workers, is one of the
most time-consuming operations in distributed MoE training.
Li et al. [13] show that the all-to-all communication is a major
bottleneck blocking subsequent computation in MoE training.
Improving all-to-all communication efficiency is crucial for
expediting MoE training.

A number of approaches have been proposed to balance the
workload and better utilize available experts, including adding
auxiliary losses [11, 14], controlling expert capacity [9] and
optimizing the gating network to balance token distribution
among experts [15, 16]. Changing routing decisions of the gat-
ing network based on workload imbalance rather than prior
knowledge of expert’s ability may introduce noise in MoE
learning, impairing model convergence and accuracy [11, 13,
17]. Other proposals duplicate expert instances (shadow ex-
perts) among workers [13, 17]. This increases GPU memory
consumption of the MoE system, requires parameter synchro-
nization among expert replicas, and limits model scalability.

This paper focuses on improving the training efficiency of
the MoE layer in a large MoE model. Without intervening in
token-to-expert selection (i.e., without affecting model con-
vergence), we optimize the scheduling of expert computa-
tion and token communication in each training iteration of an
MoE layer. Given token routing and computation workloads
of experts, we advocate expert migration among workers to
optimize computation and communication resource utilization.
We conduct detailed token transmission and expert computa-
tion scheduling, together with parameter transmissions due to



expert migration, to allow pipelining and overlapping among
the computation and communication tasks, and minimize the
training time of the MoE layer. Our method is applicable to
any workload imbalance among experts, any non-uniform ex-
pert structures and heterogeneous worker capacities. Our con-
tributions in this paper can be summarized as follows:

> We migrate experts among workers to make full use of
resources at each worker, taking into account that the resources
required by each expert’s training are proportional to the num-
ber of tokens routed to the expert in the training iteration.
This migration allows experts, that require more computation,
memory, and bandwidth resources, to be transferred to workers
with available capacities. We periodically monitor the work-
load of each expert and dynamically adjust the migration plan
across different training iterations.

> We model the training of experts and the transmission of
tokens and expert parameters for expert migration as a mini-
task scheduling problem. We abstract token transfer between
each pair of workers, expert parameter transfers, and token
computation of each expert as mini-tasks, and carefully model
the dependencies between transmission and training tasks. We
design a novel, progressively time-slot-weighted objective for
time and resource scheduling of mini-tasks, aiming to mini-
mize the makespan of completing all tasks, namely the train-
ing time of the MoE layer. This weighted objective ensures
higher priority for mini-tasks to run in earlier time slots, and
encourages timely completion of transmission tasks to reduce
expert idle time.

> We design an efficient algorithm to solve the expert migra-
tion, token transmission, and expert training scheduling prob-
lem in each training iteration, generating detailed communica-
tion and computation schedules. Our algorithm runs in poly-
nomial time on the number of mini-tasks and experts, enabling
fast scheduling of distributed MoE training. The training time
of the MoE layer achieved by our algorithm is proven to be
bounded by a small constant ratio from the optimal schedule,
ensuring high-quality solutions that approach the theoretical
optimum.

> We implement our system and conduct extensive evalu-
ation in a variety of experimental settings, including config-
urations with heterogeneous network bandwidth and varying
GPUs. Results demonstrate that our algorithm can effectively
address workload imbalance among workers and reduce the
training time by 34.6% and 37.5% for homogeneous experts
and heterogeneous experts, respectively, compared to repre-
sentative baselines.

II. RELATED WORK AND MOTIVATION

A. Mixture-of-Experts Model

An MoE model contains one or multiple mixture-of-experts
layers. For example, GShard [9] replaces every feed-forward
layer in Transformer [18] with an MoE layer, in both encoder
and decoder. An MoE layer [14] contains: (1) multiple expert
networks, which can be simply two fully connected layers
or heterogeneous delicate structures with different widths or
numbers of layers of feed-forward networks [19]; (2) a gat-
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Figure 1: #Tokens routed to workers in different MoE layers
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ing network, which computes the scores of experts for each
token and routes the token to a subset of experts based on the
scores. A small fully-connected layer is commonly used as
the gating network [9, 10, 20]. The top-k algorithm is typically
used to route tokens to experts, by which k experts with the
highest scores are chosen and the outputs of those experts are
weighted by the normalized scores and then transmitted to the
subsequent NN layers following the MoE layer. Top-k rout-
ing can lead to workload imbalance among workers, where
some workers hold experts that receive most of the tokens,
while other workers hold experts that receive few [9-11, 14].
We train Transformer-XL [21] with 12 MoE layers on four
workers, with each worker holding 4 experts for each MoE
layer. As shown in Fig. 1, the number of tokens routed to each
worker becomes relatively stable after 500-1200 training iter-
ations. In the second MoE layer, experts on different workers
receive varying numbers of tokens; in the penultimate layer,
token routing becomes much more biased towards the experts
in worker 3, leading to substantially unbalanced computation
workload among workers.

To alleviate expert workload imbalance, GShard [9], Switch
Transformer [10] and FasterMoE [17] set the capacity of each
expert, so that only a limited number of tokens can be fed to
each expert. Shazeer et al. [14] add an imbalance loss to the
NN loss function during training, to balance workload among
experts. TA-MoE [11] introduces an auxiliary loss accounting
for inter-worker bandwidth, allocating more tokens to experts
with higher bandwidth. These approaches may lead to pro-
longed model convergence or model accuracy decay compared
to the original model training [11, 13]. He et al. [17] show that
GShard requires 153% more iterations to achieve the same
loss, while FasterMoE needs 25% more iterations to achieve
the same loss as without topology-aware gates.

B. Distributed MoE Training

Most existing MoE training systems [16,22] evenly dis-
tribute experts among workers, not addressing non-uniform
expert structures or heterogeneous workers in a training clus-
ter. Our MoE training design supports heterogeneous expert
structures and worker capacities.

FasterMoE [17] advocates a dynamic shadow expert mech-
anism that replicates busy experts on all workers. Parameter
synchronization among shadowed experts are required, adding
to distributed training latency - their experiments show that
the best training speed-up is achieved when only one expert
is shadowed. In addition, extra memory on each worker is



needed to host shadowed experts, limiting model scalability
(in increasing the number of experts and hence model size).
To better decide experts to shadow, Lina [23] estimates to-
ken distribution among experts in later MoE layers based on
expert selection patterns of previous layers. It requires prior
profiling, and the prediction accuracy highly depends on the
model structure and datasets.

To inspect training efficiency of expert shadowing, we train
a single-layer MoE model with 4 experts on two workers and
top-2 gating on the CIFAR-10 classification task [24], and
compare training convergence among no expert shadowing,
one shadowed expert, full shadowing (every worker has all
experts, which is pure data-parallel training). Fig. 2 shows that
shadowing one expert leads to the slowest convergence, due to
the extra expert replication and gradient synchronization time.
The other two achieve similar convergence speeds: MoE train-
ing without shadowing does not require gradient synchroniza-
tion among shadowed experts, while pure data-parallel training
minimizes inter-worker token transmission which overcomes
the extra gradient synchronization time (it consumes substan-
tially more memory on each worker though).
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Figure 2: Efficiency downgrade caused by shadowing

C. Expert Migration

We advocate expert migration instead of expert shadowing.
In the example in Fig. 3, each worker hosts 3 experts (expert
parallelism) and trains non-MoE parts in the MoE model using
data parallelism (on 300 tokens). Suppose the gating network
on each worker decides to route 100 tokens to experts e4,
e5, and e6, respectively, and e4, e5, and e6 are on worker 2.
Without expert migration, worker 1 and worker 3 each need to
send 300 tokens to worker 2, wait for worker 2 to compute the
results of experts e4, e5, and e6, and receive processed tokens
back. Total communication includes transmissions of 600 to-
kens before and after expert computation, and the expert com-
putation time is the processing time of 900 tokens on worker
2. If we swap expert 4 on worker 2 with expert 3 on worker
1, and swap expert 6 on worker 2 with expert 7 on worker 3,
the total communication includes transmissions of 100 tokens
between each pair of the three workers before and after expert
computation, as well as expert parameter transfers, and the
computation workload on each worker is the processing of
300 tokens. Assuming the expert migration time is relatively
small, both the computation time and the communication time
are about one third of the earlier case.

Janus [25] suggests that each worker should request expert
migration when the token assigned to the worker is scheduled
to use a specific expert. This process could result in the expert
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Figure 3: Expert migration example

being transferred multiple times during both forward train-
ing and gradient updating. SmartMoE [26] advocates expert
placement adjustments to roughly balance worker workload,
but does not consider communication time for expert migration
nor for routing tokens from workers to where the experts are
located. Overlapping token communication and expert com-
putation has been adopted in existing MoE training systems
(e.g., FasterMoE [17], ScheMoE [27], HiDup [28]), for bet-
ter resource utilization and training acceleration. Lita [13] di-
vides the all-to-all communication into token granularity and
pipelines it with expert computation. Lancet [29] overlaps non-
MOoE computation with all-to-all communication. We study
pipelined expert migration, token transmission and expert
training, and jointly schedule communication and computation
mini-tasks with efficient algorithm design. The decisions on
whether and how to migrate an expert are made automatically.

III. PROBLEM MODEL
A. System Overview

We aim to optimize the training efficiency of each MoE
layer in a large MoE model. The MoE layer consists of a
gating network and a set K of K = |K| (potentially heteroge-
neous) expert networks. The K experts are initially distributed
randomly among a set M of M = |M| workers (usually GPUs)
or proportionally according to worker capacities. We suppose
the rest of the MoE model (except the MoE layers) is trained
using data parallelism with input samples (tokens) distributed
among multiple workers in each training iteration. An illus-
tration is given in Fig. 4: tokens 1, 2, 3 and 4 are distributed
among the four workers for data-parallel processing before the
MOoE layer; then through the gating network, tokens 1, 2 and 3
are routed to Expert 2 (on worker 2) for training, while token
4 is sent to Expert 3 (on worker 3); after expert networks’



computation, the processed tokens are sent back to their orig-
inal workers (e.g., worker 2 sends token 1 back to worker 1)
for further processing by the rest of the NN model.

The structures of the experts are allowed to be diverse. Let
wy, denote the parameter size of expert £ € K. We allow only
one worker to hold an expert at any time. In each training
iteration, we advocate expert migration from one worker to
another (by sending parameters of the expert) to balance the
workload and communication traffic among workers. Let d,
denote the size of tokens that worker ¢ routes to expert k in
the current training iteration, as decided by the given gating
network. We use b7 € {0,1} to denote the original location
of each expert at the beginning of the current iteration, i.e.,

w = 1 if expert k is located at worker n before migration and
0 otherwise.
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Figure 4: Distributed MoE training

B. Decisions and Constraints

Expert Migration. In each training iteration, we use binary
variable s7* to indicate whether expert k is located at worker
m after possible expert migration. If s;* = 1 and 0] # 1,
expert k is migrated to worker m from the original worker n
(b = 1), and all tokens to be routed to expert k will be sent to
worker m. The total parameter size of experts migrated from
worker n to worker m is ), i by sptwy. We guarantee that
an expert is located at only one worker:

> sit=1,vkeK %))

meM
Computation and Communication Mini-Tasks. Expert pa-
rameter transmission may share communication bandwidth be-
tween workers with token transfers, while there are time de-
pendencies among expert migration, token transfer and expert
training. We jointly schedule the following tasks involved in
the training of an MoE layer: I. pre-calc token transmissions
(transferring output of NN layers prior to the MoE layer to the
experts); 2. expert migration; 3. expert training; 4. post-calc
token transmissions (transferring output of the experts back
to the respective workers). The inter-task dependencies are: a
token cannot be trained on an expert network before the expert
is set up on the worker that the token is sent to; a token should
be routed back to the original worker for further processing by
NN layers following the MoE layer, after it has been trained on
its selected experts. Considering one token’s training through
the MoE layer, task 3 cannot start before task 1 and task 2 are
completed and task 4 cannot start before task 3 is done.

Let 7] denote the total size of tokens transmitted from
worker ¢ to worker m for training on expert k (in task 1 pre-
calc token transmissions). 775" denotes the parameter size of
expert k migrated from worker n to worker m (task 2). 7“””
represents the size of tokens trained on expert k£ on worker m

Table I: Notation Table

Notation Description
M Set of workers
K Set of experts
K(m) Set of experts on worker m

Z:’Comp ( Zz;mmm) Computation(communication) capacity in slot ¢
sp 1 if expert k is on worker m after migration
by Constant, 1 if expert k was originally on worker n
W Size of parameters of expert k
di Size of tokens sent from worker ¢ to expert k
z;i: Assigned workload of task (k, a,,7) in slot ¢
rlm Total workload of task (k,a,1,J)
Cm Total available memory for tokens on worker m
Qm Total expert parameter size limit on worker m
we Weight of using resources in time slot ¢

that was routed to worker m from worker ¢ (task 3), and r"”

denotes the total size of tokens sent from worker m to worker 1
after training on expert k (in task 4 post-calc communication).
Communication and computation workloads for the tasks are:

rit =dist Yk e K, i,m e M,i #m (2a)
Tho = wisy, Vk € K,n,m € My,m #n, b, =1 (2b)
i =disy, Vk e K,i,m e M (2¢)
i =i, VkeK,i,meM,i#m (2d)

The total size of tokens on worker m for expert training and
the total parameter size of experts on worker m after expert
migration should not exceed the memory capacity C,, and @,
of worker m, respectively:

SO disit < Cy, YmeM (3a)
keKieM
Y wksl' < Qm, YmeEM (3b)
keK

Task Co-scheduling. We schedule computation and com-
munication mini-tasks into sufficiently small time slots { =
{0,1,...,T — 1}, where T is a sufficiently large number such
that one training iteration of the MoE layer can be finished in
T time slots. We abstract the workload notation of the four
types of tasks using a four-tuple (k,a,i,7), where a € Zj.4
corresponds to a task (Zi~4 denotes the set of four tasks),
k denotes the expert involved, and ¢ and j are the worker
indices. Let z,’' be the allocated workload of task (k,a,i, j)
to execute in time slot ¢, while the total workload of the task
is r;), (computed in Eqn. (2a)-(2d)). We ensure that each task
is completed within T time slots:

Yo o gl=rl, VacliukeKijeM @)
0<t<T

Let Z5™ denote the computation capacity of worker m in
time slot ¢ in terms of the maximal size of tokens that can be
processed by the worker in the time slot, which is related to
CPU cores and GPU resources allocated to MoE layer training
on the worker. Z!'™ represents the communication capac-
ity (corresponding to available bandwidth) from worker i to
worker j in time slot t. For example, if a time slot is 2 sec-
onds long and the network bandwidth between worker ¢ and
worker j is 1GB/s, then the communication capacity in ¢ is



t,comm
Ay

i = 2G'B. The total workload allocated to each time slot
should not exceed communication and computation capacities
on each connection and at each worker in the time slot:

S st ad 4 a <™, Vi M, 0<t<T  (5a)
kekK

SN EE ST, YmeM,0<t<T (5b)
iEMEkeK

To formulate inter-task dependencies, e.g., task (k,b,#’, ;")
depends on task (k,a, i, j), we allow the completed portion of
task (k,b,4’, ') by each time slot ¢ to be no larger than the
completed portion of task (k,a,,j) by time slot ¢ — 1.

z,g’;,” <Zz“’” VkeK,iimeM,i#m,1<t<T (6a)
=0

nmT

t im
2h3 2
> it < max{0, B - Z +(1-B)},

=0

VkeKﬂ,m,nGM,bZ—l,n;émJ§t<T (6b)
t . — .
AT <> ZE T, VkeKimeM1<t<T (6¢)
=0 =0
M0 =0, VkeK,i,meM,i#m (6d)
2z =0, VkeK,i,meM (6e)

(6a) guarantees that the tokens can be trained by the respective
expert (task 3) after they have been routed to the worker where
the expert resides (task 1), if those tokens are not originally on
that worker (i.e., i # m). In (6b), we use a sufficiently large
constant B to ensure that the completed percentage of expert
k’s computation of tokens sent from worker ¢ to s worker m
(where expert k is located) by time slot ¢, ZT o zfﬁ can be
positive only if expert knl}gs been fully transferred ‘to worker
mbyt—1,ie., Zt;lo Zi2 _ — 1, if it is originally on another
worker n, i.e., b} = 1,n # m. It enforces the completion of
expert mlgratlon (task 2) before the expert’s computation of
received tokens on its worker (task 3). (6c) guarantees that
worker m can only send the tokens back to the original worker
1 (task 4) after the tokens have been processed by expert k on

worker m (task 3).

C. Optimization Problem

We aim to minimize the total makespan of complet-
ing all tasks in each training iteration of the MOoE
layer (i.e., minimize the per-iteration training time of the
MoE layer) in our distributed MoE training system. For

this purpose, we assign increasing weights to the time

slots, i.e., {wo,w1, - ,wr—1} with w; < w41, t =
0,1,...T — 2, and formulate the minimization objective as
T-1 ijt .
—o (wy Za621~4 Y keK ZMGM z;)"). The weights can be

regarded as increasing penalties for carrying out mini-tasks in
later time slots, e.g, w; = t + 1 or w; = 2. By minimizing
this objective, we strive to schedule all tasks to complete as
early as possible. Our optimal communication and computa-
tion scheduling problem for expediting MoE training is for-
mulated as follows:

T-1
minimize Z Z Z Z o @)
=0

a€Z1~q kEK i, jEM

(1), (2a) — (6e)

2t > 0,17 > 0,5, € {0,1}

Va € Zima,t,j EME €K, 0<t<T

In the optimization problem, constraint (6b) can be con-

verted to the following linear constraints, by introducing an
auxiliary variable gi™* >0, Vk € K,i,m e M,1 <t < T:

t imT

?k3 imt
<
E de = 9k

7=0

(7a)
(7b)

nmT

zmt > B- Z Zk2

Then problem (7) is a mrxed 1nteger program with all linear
constraints, fractional decision variables z,ZcJat s rka, and binary
variables s7*. To solve the problem, we relax each expert mi-
gration decision variable s7* € {0,1} to a fractional value,
ie, 0 < 8 < 1, use a standard linear programming algo-
rithm such as the interior point method to obtain a solution
in polynomial time, and then convert the fractional solution to

an approximate binary solution.

+(1-B)

IV. ALGORITHM

We now design an efficient algorithm to convert the frac-
tional expert migration decisions of problem (7) to binary so-
lutions, and schedule resources and execution of computation
and communication mini-tasks in each training iteration of the
MokE layer. Our DEMI scheduling algorithm is given in Alg. 1.

Given the optimal fractional solution of expert migration 57"
to the relaxed linear program (7), we use 5} as the probabil-
ity of migrating expert k from worker n (b7 = 1) to worker
m, i.e., we decide s}’ is 1 with probability 5" and 0 with
probability 1 — 57" (line 1). If any memory constraint in (3a)-
(3b) is violated w1th the above expert migration decisions,
we greedily move the expert from the worker whose memory
capacity is violated to the most under-loaded worker until all
memory constraints are satisfied (line 2), assuming that the
total available device memory in our system is relatively large
as compared to the total parameter size of experts and the
size of tokens. We then compute task workloads 7/, based on
equations (2a) through (2d) using s (line 3). A priority of
each task (k,a,i,j) is decided for task workload scheduling,
using the time-slot-weighted total task workload Zt 0 Wi 2;5
(A”t is the workload of task (k,a,i,7) scheduled to execute
in t, as solved by the relaxed linear program (7)) and scal-
ing the workload by r}7 /7 (#}? is the workload solved by
program (7) and r,’, is the Workload of task (k,a,i,j) com-
puted at line 3) to estimate the weighted workload finished
till time slot ¢ with 1nteger expert migration decisions s, i.e.,
§(/<:,a,z,]) = )i Zt o wiZZt (line 4). A lower value
of £(k,a,i,j) gives a higher priority as it suggests scheduling
the corresponding task in earlier time slots.

We schedule unfinished tasks in each time slot, starting
from the first time slot. Specifically, we further maintain a
time-slot specific task priority, equaling £(k,a,%,j) minus
weighted workloads of the task that have been executed so far
(U2t w297 and the weighted remaining workload, assum-
ing that all the remaining workload of the task is scheduled in



the current time slot (wtf?a) (line 10). The rationale behind

this priority setting is to ensure that remaining tasks with larger
workloads should be scheduled earlier, since the weights of
the time slots are increasing over time.

In each time slot, we schedule unfinished tasks in increasing
order of the priority. For task 1 (pre-calc token transmissions)
or task 2 (expert migration) without dependency on precedent
tasks, they can be scheduled up to total task workload or what
the communication capacity in the current time slot allows
(lines 16-19). Task 3 of expert training cannot be scheduled
before the corresponding task 2 is finished (lines 20-21). If
the tokens and experts are both originally on the worker, we
can schedule expert training on those tokens (lines 22-24);
otherwise we can schedule expert training on received tokens
(ZT 02T — 2227) at the respective worker, up to the compu-
tation capacity of the worker (lines 25-28). Task 4 of post-calc
token transmission can be scheduled on tokens whose expert
training has been done (Y.'_} 25 — 2197), up to the com-
munication capacity of the respective inter-worker connection
(lines 29-33). We continue scheduling the tasks until all tasks
are completed. The algorithm produces binary expert migra-
tion decisions, s;* € {0,1}, as well as time and workload
execution schedule of communication and computation tasks,
2 N0O<t < T, a€Zinsi,j € MkecK

Alg. 1 is carried out for each MoE layer separately during
MOoE model training, and adapts expert migration, computa-
tion and communication schedules according to the routing
decisions of the gating networks in the current training iter-
ation. The MoE layer training process using Alg. 1 proceeds
as follows: The gating network decides the experts for pro-
cessing each batch of tokens. All workers exchange the expert
selections of tokens in their batches with other workers, each
worker runs Alg. 1, and the same random seed ¢ guarantees
that the computed schedules are the same at all workers. Then
the obtained expert migration, computation and communica-
tion schedules are carried out by each worker for MoE training.
Theoretical Analysis. We next analyze the performance of
Alg. 1 in terms of time complexity and optimality as compared
to true optimum of the mixed-integer linear program in (7).

Theorem 1. Alg. I produces feasible expert migration
and task scheduling strategies in each training iteration in
O(M?T + KT) time, where T is the number of time slots, M
is the number of workers and K is the total number of experts.

Proof. When scheduling tasks, Alg. 1 first checks the depen-
dency (lines 16, 20, 22, 25, 29) and then allocates resources
based on the completion ratio of preceding tasks and the avail-
able resources (lines 17, 23, 26, 30). Thus all the schedules
are valid and Alg. 1 produces feasible expert migration and
task scheduling solutions to problem (7).

Alg. 1 iterates through each time slot, which is bounded by
T'. When scheduling the tasks, Alg. 1 updates the priority for
each unscheduled task and iterates through the tasks to check
the completion ratio of preceding tasks and schedule available
task workloads. Given that every worker sends tokens at most
to all other workers, we have at most M2 mini-tasks for tasks

Algorithm 1: Expert Migration, Computation and Com-
munication Task Scheduling in Each Training Iteration of an
MoE Layer (DEMI)

Given: optimal solutlons of relaxed linear program of (7): expert
migration plan & % € [0,1], workloads 7 rk and schedules zk]at,
VO<t<T,a€Zi~a,i,7 €M, k €K, random seed ¢.

// Convert expert migration decision §L" to integer, Vj € M,k € K

Set 53" = 1 with probability 5} and s;* = 0 otherwise.

Adjust s} if the memory constraint on worker m is violated.

D=

// Adjust task workload Tk]a based on s}
Compute 7" ,, using (22)-(2d) and s71*, Va € Zi~a,4,j € Mk € K.
// Set prtomy for each task. Lower f( ) gives higher priority.

T—1 A9t
(k. a,i,5) = ,f; 4
k

1—o Wtz > Va € Z1~4,z,] e M, ke K
5 S := set of tasks (k,a,4,j) with workloads r’
Va € Zi~a,i,J EM ke K.

// Initialize the variables for allocating resources for each task
6 L]a =0,Va € Zi~a,i,] EMEkeK,0<t<T

// Initialize the remaining workload for every tasks
7 7 = TV a € Zivayi,j € Mk €K
8 ¢ := 0 // time slot index
9 while S is not empty do

w

IS

w >0,

10 Update priority of tasks in S with
.. .. 1 ij ]
gt(k/lv a, Z?]) = f(k7 a, 27.7) - (Zf—:o wTZ]ngaT) - wtr;g]a
11 Sort tasks (k, a,,7) in S in increasing order of priority
£t(k7 a7 i?])
12 // Initialize the remaining resources for each time slot t
13 Zteomm Zﬁf"m‘“\m €Z1ms,i,j EMEEKO0<tLT

_iJ
14 Zbeomp _ ZZ.C‘""Pva €l i, EMEEK 0KtLT

15 fojr task (k,a,4,7) in S do

16 if a =1 ora =2 then

// Task 1 and Task 2 have no dependencies

// Allocate workload up to total task workload or
communication capacity

z7t . . t,comm ~l7
17 By = mm{Z T
~1) . =ij 7j
* " t commrk ~t,comm 5t
19 Z; 5 =Z, J — 2,
20 else if a = 3 and b, # 1 and r” # 0 then
// expert mlgratlon task is unﬁmshed
21 continue
22 else if a = 3 and b), = 1 and i = j then
// tokens and experts are already on worker m
ijt t,comp ~7,]
23 Zkt?’ = mm{tZ S Trs
2 Zt ,comp VA ,comp zlzc73t
25 else if a = 3 then
// Task 3 depends on Task I’s progress
ijt comp t—1 Z]T ijT
26 Zpy 1= mln{Z . oz =250}
27 7= ]5 zi%
”f,comp " Steomp _ijt
28 Z f =7 # 23
29 else
// Task 4 depends on Task 3’s progress
ijt a‘-omm t—1,_giT ’LJT
30 2y = mln{Z 3 —olzly — 22}
~if L =i 4
! " 1, cogmr tzil‘,co%nm t
— _ LU
32 A = Zb 27
33 end
34 if 7 ~” = 0 then
35 ‘ Remove task (k, a,,7) from set S.
36 end
¥ if Z{0"" = 0 and Z;°"™ = 0 then
38 | break
39 end
40 end
41 t =t 4+ 1 // move to the next time slot
42 end

Return: Expert migration decisions s,; €{0,1},Vj eM, keK
and scheduling of communication and computation tasks
zka,VO<t<T a € ZLira, i,j € Mk e K




1, 3 and 4. For expert migration, each expert can be migrated
to at most one worker; therefore, the total number of mini-
tasks for task 2 is bounded by K. Since we handle mini-task
scheduling in each time slot, the time complexity of Alg. 1 is
O(M?T + KT). O
Theorem 1 guarantees that the time complexity of Alg. 1 is
upper-bounded by a small constant ratio of the MoE commu-
nication (which is proportional to M K). Since computation is
much faster than communication, the running time of Alg. 1
has minimal impact on training time.
Theorem 2. Per-iteration MoE layer training time achieved
by Alg. 1 is upper bounded by a constant ratio of the training
time by optimal solutions of integer linear problem (7).

Proof. We prove that the number of time slots needed to com-
plete all tasks by the optimal solution OPT of integer linear
problem (7) is lower-bounded by the ideal OPT_LB defined
in (9). The lower bound is calculated as the minimum time
required to complete all tasks without considering their de-
pendencies. _
’—ZkGK,ieMrigl~|
meM Zon™® 9)

i, o ij  ij
ZkeK Tp1 T2 T 75 ]
qumm

)

OPT> max [

i,J EM
£0PT_LB

On the other hand, the number of time slots used by Alg. 1,

i.e., ALG, is upper bounded by ALG_UB defined in (10).

The upper bound is reached when all tasks are executed se-

quentially: tokens are first transmitted to the workers using

Shex ik
kEK "kl
comm
Zi.]

Tiex i
keEK " k2
comm
Zw‘

max; jem| | time slots; then expert migration is done

using max;, j€M|— | time slots; next, workers carry out

.. > i .
expert training and use InameM[%‘ﬁ”“] time slots to
ke

finish the computation; processed tokens are then sent back to

I Ti[j .
the workers within max; jem (%] time slots.
i
T T
ALGS max ’—ZkGK k1l *| + max ’—ZkGK k2*|
ijeM  Zmm ijeM  Zmm
+ max [72%1(%4-‘ —|—rnax(72:]€E]K’iemrk3 1 .
i,j €M Zg;mm meM Ziﬁmp
£ALG_UB

Then we can derive that the ratio of the training time with
our algorithm as compared to OPT, is upper-bounded by 3.

ALG < ALG_UB
OPT — OPT_LB

rij T'ij
ZkEK kl.l—l—maX[EkEK k2-|

=(max [
i,jEM Zg;?mm i,jEM Zg?mm
ek Chek,icMThE
e e | max [ comp—— 1)
¥
/(max (ZkeKTﬁ +74b +7’2]41 4 max [ZkeK,ieMT?‘? D
i,jEM g™ meM Zym™®
ZkEKTle ZkeKTIijQ ZkeKTﬁ;
< kER kL LkeK k2 2.kek"ka
(el Zomm I e Zomm I+ mal Zeomm D
SrerTi HTin Ty
/(max [ omm 1))
i, EM Zij
<3 O

V. PERFORMANCE EVALUATION
A. Methodology

Experimental setup We implement our MoE training system
on PyTorch 2.3.1 using Python 3.11.5 on Ubuntu 22.04 with
CUDA 12.5 and NCCL 2.20. We evaluate our system on a
cluster with four servers including two V100 servers and two
A100 servers, featuring 100 Gbps intra-server and 50 Gbps
inter-server connections, to assess performance across hetero-
geneous GPUs and bandwidths. Each V100 server is equipped
with four NVIDIA V100 GPUs, and each A100 server holds
four A100 GPUs.

We run MoE versions of a 12-layer Transformer-XL
model [21] where the feed-forward layer in each Transformer
block is replaced with an MoE layer. The Transformer-XL
model has a hidden dimension size of 500 and 10 attention
heads. Unless otherwise stated, the expert network is con-
structed with two feed-forward layers, with a hidden size of
1000 and a ReLU activation function [30]. The size of each
expert network is 7.64MB. The overall Transformer-XL model
with 16 experts has 5.94GB parameters, and reaches 11.67GB
with 128 experts. The standard top-2 gating mechanism is
used. We run one worker process on one GPU, and keep the
number of experts the same across different workers for base-
lines without expert migration, with the number of experts on
each worker varying from 4 to 16 in different experiments.

We experiment under four main settings: (1) 16 experts
on four workers on one V100 server, (2) 64 experts on four
workers on one V100 server, (3) 128 experts on eight work-
ers spanning one V100 server and one A100 server, and (4)
128 experts on 16 workers spanning two V100 servers and
two A100 servers. We run model training on the Enwik8 [31]
dataset. The batch size is 200 sequences and input sequence
length is 20 tokens for experiments with 16 experts and 64
experts. For experiments with 128 experts, we use an input
sequence length of 200 tokens. We train the model using the
Adam optimizer [32], with an initial learning rate of 2.5e-4
and a cosine learning rate scheduler.

Hyper-parameters We set the number of time slots, 7', in our
DEMI algorithm to 5. By default, the weights of the time slots
are set as w; = 2t. We set large limits for token capacity and
parameter capacity on the workers to make the experiments
comparable with baselines: the token capacity is set to half of
the total token size, e.g., C. = 20 x 200 x 2 x 16/2 = 64,000
times the token dimension for experiments with 16 experts;
the parameter capacity is set to half of the total parameter size
of all experts, e.g., ). = 8wy, for experiments with 16 homo-
geneous experts. By default, we may conduct expert migration
in every training iteration.

Metrics. We evaluate the per-iteration training time of each
MokE-layer in the model. We also measure a Workload Imbal-
ance Degree, D, for each MoE layer, defined as the square root

of the sum of squares of workloads of all workers, normalized
M (FC,

by the total workloads of all workers: D = W
where C; and F; are the workload capacity and_ allocated

workload on worker ¢, respectively, and workload is measured
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Figure 5: Per-iteration time of different MoE layers
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as the size of tokens computed with experts on that worker.
A smaller D indicates more balanced workloads across work-
ers. When the workloads are perfectly balanced, i.e., F1/Cy =

F,/Ci,Vi € M, D is 7““1/01) = 1/y/M. When the work-

: M(F1/Cy)
loads are seriously unbalanced, with one worker (e.g., worker

1) taking all the workloads, D is 7”51/511)2 =1.
Baselines We compare our algorithm with the following:

e FastMoE [22], which evenly distributes the experts to
workers at the beginning of training and does not change ex-
pert placement during training.

e FasterMoE [17], which dynamically decides whether to
shadow one expert (the expert with the maximum total number
of tokens) to all workers in each training iteration. We do not
use its topology-aware gates for fair comparison, given that
the change of gates affects model accuracy.

e Expert migration strategy S1 that minimizes the total num-
ber of tokens transmitted across workers, by placing expert k
on the worker receiving the largest number of tokens for the
expert, i.e., worker arg max; d:.

e Expert migration strategy S2 that minimizes the
total amount of token transmission and expert mi-
gration traffic, by solving an optimization problem
Minp -, cn D ker(m) 2oiemizm (diSE + wesy)  under
constraint (1).

e Expert migration strategy S3 that minimizes both
the total token transmission and expert migration
traffic and workload imbalance among workers, by
finding optimal expert migration decisions s} that
minimize ZmEM Zkeﬂ((m) ZieM,i;em( kSk T+ wks}c) +
maXmem ) pek iem WSk » Where maxmem Dy ek ien iSk 18
the maximum workload among workers, without considering
the dependency between computation and communication in
MoE training. S3 extends the strategy in SmartMoE [26] by
considering both workload balance and transmission time of
tokens and experts.
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Figure 7: Workload imbalance of penultimate MoE layer

B. Training Speedup

We train the model under four settings for 600 iterations.
Fig. 5 shows the iteration time of the first, middle and penulti-
mate MoE layer in the model, and our method achieves greater
speed-up in later layers for settings (1) and (2) (1.62x and
1.4x speed-up compared to baselines for penultimate MoE
layer with 16 experts and 64 experts, respectively). This is
because workload imbalance is more significant in later layers
(Fig. 1). Under settings (3) and (4), the speedup is similar
for different layers, and our method achieves on average 1.2x
speedup on two servers with eight workers and 1.42x speedup
on four servers with 16 workers. Fig. 6 further shows per-
iteration training time of each MoE layer, averaged over the
12 MoE layers, under settings (1) and (2). Our dynamic expert
migration reduces 34.6% and 28.5% of training time compared
to baselines under 16 experts and 64 experts, respectively.
C. Workload balance among workers

Fig. 7 presents the Workload Imbalance Degree for the
penultimate layer under settings (1) and (2) (homogeneous
workers). Our algorithm achieves, on average, 1.3x and 1.14x
better workload balance among workers as compared to base-
lines under 16 and 64 experts, respectively. We also observe
that our algorithm may incur slightly biased workloads at the
start of training, but maintain workload balance after around
120 and 50 iterations under 16 and 64 experts, respectively.
This is mainly due to significant changes in token distribution
among experts in the initial stage of training. By considering
expert migration and token transmission time together, our
algorithm might migrate only parts of the experts, thus not
making the workload completely balanced.
D. Time breakdown of mini-tasks

Fig. 8 shows the time taken for each mini-task in model
training under settings (1) and (4), where the time is presented
as the ratio to the execution time of Alg. 1 for computing
the schedules. Especially, the time is recorded on the worker
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with rank 1. We find that task 1 occupies most of the time
at worker 1. When executing task 1, a worker needs to wait
for the completion of token transmissions from other workers
before starting its task 3; for task 4, the worker only needs
to receive all local tokens back from other workers. Worker
1 might receive more tokens for processing but sends fewer
tokens to other experts for processing. Task 2 has a relatively
short makespan due to infrequent expert migration. Task 3 has
shorter duration compared to Task 1 and can partially overlap
with Tasks 1, 2, and 4. We also observe that the overhead of
running Alg. 1 is less than 7% in each iteration, as shown by
the ratio of the iteration time to Alg. 1’s computation time.
E. Number of expert migrations

Fig. 9 shows the total number of expert migrations in differ-
ent MoE layers over 500 training iterations under setting (1).
Compared to S1, S2, and S3, our algorithm reduces the num-
ber of expert migrations by 83%, 58%, and 73%, respectively,
by considering the whole time span of token transmission,
expert migration and expert training in decision making. We
also observe that there are more expert migrations in the later
layers compared to the front layers. This is because changes
in token expert selections in the front layers can affect layer
computation results, which in turn changes expert selection of
tokens in later layers. This makes the “hot” experts change
more frequently in later layers.

FE. Varying hyper-parameters

We adjust the gating mechanism in each MoE layer under
setting (2). Fig. 10 shows that selecting more experts for each
token (top-3 or top-4) increases MoE layer training time sub-
linearly and our method achieves 1.19x (top-2), 1.25x (top-
3), and 1.37x (top-4) speedup as compared to FastMOE.

To evaluate heterogeneous experts, we adopt another type
of experts, each with 3 layers, a hidden size of 1000 and a
ReLU activation. Under setting (1), we adopt eight 2-layer
experts and eight 3-layer experts in each MoE layer. Fig. 11
shows that our algorithm reduces the training time by 37.5%
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and achieves up to 1.31x better workload balance.

We then adjust the memory capacities C,,, of workers to
render heterogeneous workers under setting (1). We compare
the workload imbalance degree of our method with baselines
in three different settings of heterogeneous workers in Fig. 12:
(a) 4 fast workers each with 14,000 token capacity for each
MOoE layer; (b) 3 fast workers each with 14,000 token capacity
and 1 slow worker with 7,000 token capacity; (c) 2 fast work-
ers each with 14,000 token capacity and 2 slow workers each
with 7,000 token capacity. We find that our method reduces
the workload imbalance by up to 23% compared to baselines.

We further evaluate the impact of reduced expert migration
frequency under experimental setting (2), by running Alg. 1
once every 2, 10 or 20 training iterations. Fig. 13 shows that
with less frequent expert placement adjustments, the average
iteration time increases for the front layers, and the time first
increases and then decreases for the middle and last layers.
The latter is possibly due to the reduction in scheduling time
and expert migration time, which partially compensates for the
increased time spent on unbalanced workloads.

VI. CONCLUSION

This paper designs an efficient dynamic expert migration
and computation-communication co-scheduling algorithm for
distributed Mixture-of-Experts (MoE) model training. We ab-
stract MoE layer training into mini-tasks including token trans-
mission between workers, expert parameter transmission, and
expert computation, and model dependencies between compu-
tation and communication mini-tasks. We design an efficient
algorithm to minimize completion time of all mini-tasks. Ex-
tensive experimental evaluation demonstrates that our method
achieves significant efficiency improvements over state-of-the-
art baselines. Our approach reduces the training time of MoE
layers by 34.6% under homogeneous expert setting and 37.5%
under heterogeneous expert setting. Additionally, our method
achieves 1.3x better workload balance among workers, lead-
ing to more efficient parallelization and resource utilization.
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