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Abstract

The Mixtures-of-Experts (MoE) model is a
widespread distributed and integrated learning
method for large language models (LLM), which
is favored due to its ability to sparsify and expand
models efficiently. However, the performance of
MoE is limited by load imbalance and high latency
of All-to-All communication, along with relatively
redundant computation owing to large expert ca-
pacity. Load imbalance may result from existing
routing policies that consistently tend to select cer-
tain experts. The frequent inter-node communica-
tion in the All-to-All procedure also significantly
prolongs the training time. To alleviate the above
performance problems, we propose a novel routing
strategy that combines load balance and locality by
converting partial inter-node communication to that
of intra-node. Notably, we elucidate that there is a
minimum threshold for expert capacity, calculated
through the maximal angular deviation between the
gating weights of the experts and the assigned to-
kens. We port these modifications on the PanGu-
3 model based on the MindSpore framework with
multi-level routing and conduct experiments on As-
cend clusters. The experiment results demonstrate
that the proposed LocMOoE reduces training time
per epoch by 12.68% to 22.24% compared to clas-
sical routers, such as hash router and switch router,
without impacting the model accuracy.

1 Introduction

Large Language Models (LLM), such as GPT [Brown et al.,
2020] and LLaMA [Touvron et al., 2023], have recently gone
viral due to their distinguished capabilities in word process-
ing and data analysis. The architectures of these LLMs are
mostly derived from the Transformer, which is on the basis
of the self-attention mechanism [Vaswani et al., 2017]. Since
the predictive ability of the Transformer-based model corre-
lated strongly with the model size [Kenton and Toutanova,
20191, the parameter scales of existing LLMs have increased
dramatically to assure accuracy. The complex construction,
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along with the large parameter scale, triggers the rapid surge
in demand for computing resources, resulting in escalating
training and inference costs that hinder the development of
LLMs [Lewis et al., 2021]. Aiming at the problem, Mixtures-
of-Experts (MoE) [Jacobs et al., 1991] provide an effective
way to extend the model capacity at a fixed computational
overhead [He et al., 2021], thus emerging as the preferred
option for some renowned LLMs.

A typical MoE framework consists of a gated network and
several expert networks that selectively activate a portion of
parameters for various inputs to participate in computation
[Clark er al., 2022]. Owing to such a structure, the com-
putational complexity remains relatively invariant when the
scale of parameters increases [Puigcerver et al., 2020]. Since
each token activates only one or a few experts, sparse rout-
ing of the gated network delivers the token to the most ap-
propriate expert(s) [Zuo et al., 2021]. If the routing strat-
egy is not well-designed, it may lead to the overtraining of a
few experts and under-training of others, ultimately evolving
into inefficient learning and uneven load distribution [Shazeer
et al., 2016]. To address this shortcoming, Switch Trans-
former [Fedus et al., 2022] simplifies the routing mechanism
of MoE while adding an auxiliary loss that encourages a bal-
anced load across experts. Moreover, the frequent All-to-
All communication delay has also limited the performance of
MoE [Rajbhandari et al., 2022]. It is estimated that the time-
consuming ratio of All-to-All under 8 A100 GPUs in a single
node is about 31.18% and would be much higher in multiple
nodes [Nie et al., 2023]. HeTuMOoE [Nie et al., 2022] further
puts forward a hierarchical All-to-All strategy, which fully
utilizes the bandwidth of intra-node NVLink and inter-node
Infiniband to cope with the problem of low bandwidth uti-
lization due to frequent inter-machine transfers of small data
volumes.

In this paper, we propose LocMoE, a low-overhead rout-
ing strategy and a communication optimization scheme, and
it is applied in PanGu-Y model [Ren et al., 2023]. PanGu-
Y is a sparse model extended by the dense model PanGu-a
[Zeng et al., 2021]. With Ascend cluster [Liao et al., 2021],
it is measured that the All-to-All communication in PanGu-
Y takes 18.10% and 28.74% of the training time under 128
Ascend 910A Neural Network Processing Units (NPUs) and
256 Ascend 910A NPUs, respectively. It still has potential
for further reduction, and we make the following optimiza-
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tions based on:

e Orthogonal gating weight with Grouped Average
Pooling (GrAP) layer. The GrAP layer is adopted in
gating values computation. It provides a natural way
to perform class activation mapping and reduce com-
putational costs. Above all, the orthogonality of gating
weight facilitates the explicit decisions of the router.

¢ Locality-based expert regularization. Redistribute on
the basis of load balance, add the locality loss as the reg-
ularization term, and transform partial inter-node com-
munication into intra-node communication with higher
bandwidth. The local experts are encouraged to compete
with skilled experts, and the time consumption of com-
munication is reduced while avoiding the under-training
of some experts.

* Reduction of expert capacity without losing accu-
racy. Our work proves and solves the critical value
of MoE’s expert capacity in the NLP sector for the
first time, and its relationship with input corpus features
is also elucidated. Furthermore, we find fewer class-
discriminative tokens need to be learned by experts than
class-correlated ones. The experimental results also con-
firm that the model accuracy would not be affected after
downward adjusting the expert capacity within the criti-
cal limit.

After applying the above improvements, the time con-
sumption of All-to-All communication decreases by 5.13%.
The elapsed time per epoch decreases by up to 22.24% with
our cluster groups (containing 8, 16, and 32 node with 64,
128, and 256 Ascend 910A NPUs, abbreviated as 64N, 128N,
and 256N in the following paragraphs).

The remainder of this paper is organized as follows: Sec-
tion 2 displays related works of MoE in the field of NLP, the
Ascend architecture, and the base model PanGu-3.. Section
3 demonstrates the methodology details of the LocMoE and
the theoretical bounds. Section 4 analyses the results of com-
parison experiments. Section 5 summarizes this work and the
prospects for its future research orientation.

2 Related Work

MOoE. MoE is a strategy for model designing, combining
with several expert networks, to enhance the model capac-
ity and efficiency. The concept of MoE was first proposed
in 1991 and became the prototype of the existing MoE struc-
ture [Jacobs er al., 1991]. Sparsely-gated MoE [Shazeer et
al., 2016] was proposed to expand the model capacity ad-
equately under the same arithmetic power, and the gating is
designed to allow TopK experts to be activated in an iteration.
GShard [Lepikhin ef al., 2020] was the first work to migrate
the MoE to Transformer, using the expert capacity to limit
the tokens processed by each expert to a certain range. In
addition, the auxiliary loss is proposed in GShard’s random
routing to deal with the winner-take-all drawback of MoE.
Regarding expert capacity, the work of pMoE [Chowdhury et
al., 2023] has proved for the first time that each expert can be
fully trained even when dealing with samples much smaller
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Figure 1: The networking scheme applied in the Ascend cluster.

than the number of tokens, but has a threshold. Switch Trans-
former [Fedus et al., 2022] selects only the top expert to max-
imize MoE’s sparsity and proposes a corresponding auxiliary
loss to achieve load balance. Facebook AI Research imple-
ments the Hash FFN layer [Roller er al., 2021] with the bal-
anced hash function, and the distribution of the experts’ load
is close to the ideal state. Taking into consideration both con-
vergence and accuracy, StableMoE [Dai et al., 2022] adopts
a two-stage training procedure. In the first stage, the im-
balance of assignment and the cross-entropy of routing fea-
tures are adopted as loss penalty terms, and the model di-
rectly learns with the routing strategy in the second stage. X-
MOoE [Chi et al., 2022] rewrites the score function between
the token and the expert by reducing dimensionality. Task-
MoE [Kudugunta et al., 2021] describes task-based routing
at multiple granularities: token level, sentence level, and task
level. HetuMoE [Nie et al., 2022] proposes the hierarchical
AlltoAll strategy, which combines hierarchical networks and
aggregated information to improve transmission efficiency.

Ascend Architecture. The pivot architecture of the Ascend
mainly consists of multilevel on-chip memory, load/storage
units, and instruction management units [Liao et al., 2021].
System-on-Chip (Soc) adopts the Mesh Network-on-Chip
(NoC) [Kumar et al., 2022] architecture to provide a unified
and scalable communication network, realizing a high band-
width of 256GB/s [Li et al., 2022b]. In Ascend 910A server,
every eight NPUs are divided into two groups on the board.
The intra-group connection is based on the Huawei Cache
Coherence System (HCCS) [Xia et al., 2021]. The Ascend
910A chip delivers 320 Tera FLOPS at semi-precision (FP16)
and 640 Tera OPS at integer precision (INT8). Our cluster
is built based on a two-tier Fat-tree networking scheme on
the single plane, with each Leaf switch connecting to 4 NPU
servers (model Atlas 800 9000), as in Figure 1. The algo-
rithm bandwidth of each communication operator in Huawei
Collective Communication Library (HCCL) is displayed in
Figure 2.

PanGu Series Model. The fields of PanGu series large
models are mainly divided into NLP, computer vision, multi-
modality, graph network, and scientific computing [Mi e al.,
2022; Shen et al., 2023; Bi et al., 2023]. Thereinto, the mod-
els in the field of NLP focus primarily on text generation and
semantic understanding. The most representative NLP model
in the PanGu series is the PanGu-« [Zeng et al., 2021], which
is an LLM in the Chinese domain with up to 200 billion pa-
rameters. It also applies the auto-parallel framework based
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Figure 2: The algorithm bandwidth of each communication operator
in HCCL under 64N, 128N, and 256N, respectively.
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Figure 3: The architecture of sparse Transformer layers in PanGu-X.

on the MindSpore [Tong et al., 2021]. PanGu-7 [Wang er al.,
2023] mitigates feature collapse in the Transformer architec-
ture by introducing more nonlinearities in the feed-forward
networks (FFN) and MSA modules. Utilizing the intrinsic
parameters of PanGu-c«;, PanGu-X [Ren et al., 2023] is ex-
tended to a sparse model containing 1.085 trillion parameters
by the conception of MoE.

3 Methodology

3.1 PanGu-X

The PanGu-X architecture consists of both dense and sparse
Transformer encoder layers, stacked Transformer decoder
layers modeled in the autoregressive language, and a query
layer. The sparse Transformer layer of PanGu-¥, with sev-
eral conditionally activated feedforward sublayers, incorpo-
rates the MoE principle, as displayed in Figure 3. The RRE
module is responsible for routing the token to the appropriate
expert. It contains two levels of routing: in the first level, the
experts are grouped by domains, and the token is assigned to
one of the groups. In the second level, the token is routed to
a particular expert of this group homogeneously. The second
level of routing can be viewed as random hash routing, which
does not contain learnable parameters.

3.2 MoE With Local Routing Strategy

MOoE in Encoder Layers of Transformers

Similar to the classic MoE skeleton applied to Transformer
structures such as GShard, the MoE layer in our model mainly
consists of a MSA layer, a gating network, a routing module,
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and several expert FFNs. The output of the MoE layer can be
depicted as follows:

Ym =Y Rz, We, out - GeLUWp, in - ) (1)

i=1

Assume that the MoE layer contains n experts, R, g, de-
notes the expert score acquired by the gating network when
expert ¢ provides the largest gating value. The expert net-
work of expert 7 consists of two linear transformations with
a Gaussian Error Linear Unit (GeLU) activation, which is the
product of input and the standard Gaussian cumulative distri-
bution function. Thereinto, the gating function G is the crit-
ical component of router R. Typically, it is designed to be a
dense layer extracting the feature of input tensor:

i* = arg max(softmax(Gy, g, )) (2)
i€[n]
Rom.g; = 1{i = " }(softmax (G, £,)) (3)

where " is the index of the most appropriate expert, and
Gm. B, = ReLU(w; - &, +¢;). The token would be sent to the
Top-1 expert with the largest expert score screened by Soft-
max. To reduce the parameter scale and the computational
overhead, the gating value is obtained via the GrAP layer in-
stead of the dense layer [Li et al., 2022a]. The feature extrac-
tion with the GrAP layer is delineated in Figure 4. It can be
regarded as the dense layer with the fixed weight w;:

n d d
wi:E(wi’j:]l{iﬁ §j<(2+1)£},0§j<d) (4)
where d denotes the dimension of activation. Notably, the

gating weights of the GrAP layer are orthogonal. From a

perspective of semantic, irrelevant tokens are inclined to be

routed to experts of different domains, which is conducive to
convergence and accuracy [Guo er al., 2020]. Besides, the

GrAP layer has greater computation efficiency.

Localized Bias Weighting Loss

A general observation on the original two-level routing strat-
egy of PanGu-X reveals that the router is devoid of the learn-
ing process. Although meeting load balance requirements,
it lacks interpretability for distinguishing experts by domain.
LocMOoE rewrites the loss, consisting of two parts: auxiliary
loss and locality loss. The auxiliary loss is first proposed in
the sparsely-gated MoE [Shazeer et al., 2016] and is also ap-
plied in Switch Transformer [Fedus et al., 2022]:

Laux = OéTLZ flpl
1 R )
fi= ) Wargmaxp(z) =i}, P = ) pilx)

€ z€p

where n denotes the number of experts, 8 denotes the batch
containing 7" tokens. f; denotes the proportion of tokens as-
signed to expert ¢, and P; denotes the average probability that
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Figure 5: The action principle of locality loss.

the router chooses expert 7. The auxiliary loss has substanti-
ated that it can cause the balance of routing, as the loss would
achieve its minimum under a uniform distribution. The hy-
perparameter « is set to 0.01, which refers to the value in the
previous work [Fedus er al., 2022].

The second part is locality loss, in line with the expecta-
tion that tokens are more likely to be assigned to local ex-
perts under the premise of load balance. The loss function
can be measured by the difference between the current distri-
bution and the fully localized distribution. The current dis-
tribution reflects the assignment distribution of all experts in
the current batch, and the difference can be described using
Kullback-Leibler (KL) divergence:

Dl({E)
D.(z)

Lioe = WKL(D/|Dy) =~ [ Do)l D)o 6)

where D, denotes the current distribution and D; denotes
the fully localized distribution, and y is the hyperparameter.
The locality, along with the auxiliary loss, acts as the soft con-
straint that impels the tokens in the same domain to be trained
by local experts, as shown in Figure 5. The blue dashed ar-
rows are the contribution of the locality loss, and the final
assignment of tokens considers the synthetic effect of gating
value, auxiliary loss, and locality loss. The task loss is the
sum of the above loss items and cross-entropy:

Ltask = Laux + Lloc + Lcross
exp(cy) )

T
where Lepogss = — Z log —————
t=1 > i exp(eri)

Critical Value of Expert Capacity

The introduction of expert capacity aims to avoid the train-
ing block caused by the assignment imbalance of tokens. In
general, an empirical expert capacity factor ¢ is set to limit
the scale of the expert capacity: ec = [%] b, ct, ep, and
n denote the batch size, the capacity factor, the degree of ex-
pert parallelism, and the number of experts, respectively. The
computational workload of experts can be equalized in this
way. However, the work of pMoE reveals that the sample size
each expert needs to process has its lower bound [Chowdhury
et al., 2023], which can provably reduce the training costs. In-
spired by the work on pMoE, we migrated the assumptions of
data distribution in MoE from CV to the NLP domain, in con-
junction with the network structure, while further discovering
some significant conclusions:

Assumption 1. The magnitudes of gating weight ||w|| are
equivalent for all experts.

Lemma 1 (Minimum Angle of Expert). The top-1 router is
essentially the mechanism to select the expert i* with the min-
imum angle 0;- ; to the gating weight w;.

Assumption 2. Suppose all tokens with size of d uniformly
distributed on the unit sphere, that is, ||z, | = 1.

Lemma 2 (Equivalent Probability for Assignment). Suppose
ij denotes the expert to which the token j is routed. On ac-
count of the spherical symmetry, the probabilities for i; = i
are equivalent for all experts under the conditions of orthog-
onal gating weights (brought from the GrAP layer). That is,
Plij=i}=21

Assumption 3. Assume that if §; ; > 0, the token j should be
assigned to the expert i, where 0; j = cos(6; ;)

Lemma 3 (Assignment Probability for Unit Vector). For the
uniformly distributed unit vector j, the probablity it should be
assigned to the expert i is:

1d-1
pé:l_lﬁQ(i’T)
1 e _ 8
here I, (a,b) = —— | o= 1(1—p)b—tar, ©®
where L(a.h) = o [ 70—

0<z<1,a>0,b>0

As for the activation size, for large d, when § =

@(%),péz().& When § is larger than ﬁ, ps declines to
0 rapidly.
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Figure 6: The correlation between expert capacity and the angle be-
tween token and gating weight.

Theorem 1 (Lower Bound of Expert Capacity). From Lemma
3, assume that p; denotes the probability of the token
routed to the expert i is class-discriminative, thus, p; <
n[l — Is2 (%, %)] The lower bound of the expert capacity
can be described as:

€Crmin = l > 1
Tp T o[l - Ie(3,%50)]
for large d, 9)
€Cmin 2 ! l exp( 62d )7
n - erfe( 25_?2) n 242

where erfc is the complementary error function. Figure 6
portrays the schematic diagram of our discovery, which de-
scribes the correlation between the expert capacity and the
minimum angle of experts. The expert capacity correlates
negatively with the minimum angle between token and gat-
ing weight, and it grows exponentially with the decrease of
the angle 6.

Group-Wise All-to-All and Communication Overlap

Since the All-to-All is an aggregate communication opera-
tor, other operations would be performed until the data is
completely transmitted, leading to low hardware utilization
efficiency. Our model applies the group-wise exchange al-
gorithm embedded in MindSpore to split and rearrange the
All-to-All operations. In the tensor parallel (TP) domain,
each device is responsible for a portion of the All-to-All data
transmission in its respective expert parallel (EP) domain.
Then, the All-Gather operation is conducted to synchronize
tokens on all devices in the TP domain. The communication
volume is diverted to the TP domain with high-speed band-
width, which reduces the overall All-to-All communication
time. In addition, FFN computation and communication are
sliced and overlapped to mask the delay caused by communi-
cation, eventually reducing the time of communication.

4 Experiment Results and Analysis

We conduct experiments on the Ascend cluster groups (see
environment configuration in Appendix C) to verify the effect
of LocMoE. The existing classical MoEs, such as HashMoE
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and SwitchMoE, are implemented in PanGu-X and made con-
trasts. The average training time with these MoEs under 64N
is displayed in Figure 7. It can be seen that LocMoE has an
average speedup of 1.15x to 1.29x compared to HashMoE
and SwithMoE, respectively.

4.1 Analysis for Expert Capacity

To verify our proof on Lemma 1, the angle between tokens,
as well as the angle between the token and the gating weight,
are explored, shown in Figure 8 and 9, respectively. Figure 8
at row ¢ and conlumn j plots the distribution of cosine sim-
ilarities between every pair of tokens routed to the expert ¢
and j, respectively. Specifically, the diagonal ones denote the
distributions of tokens from the same expert. It can be seen
that the tokens routed to the same expert are more alike, with
the cosine similarity closer to 1.

Then, we select a representative expert to discuss the phe-
nomenon further. Figure 9 illustrates the frequency of cosine
similarity between tokens and gating weights. The orange bar
stands for the cosine distribution of the angle between the to-
ken and the gating weight, which corresponds to the expert
where the token is routed. The blue bar denotes the distri-
bution of the cosine similarity between the above tokens and
another expert. Obviously, most tokens close to the specific
expert are indeed routed to it, and the distribution has wide
differences with other experts. From our experiments, the ¢
in Formula 8 is about 0.03.
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Figure 10: The composition of training time in each epoch under our
cluster groups.

4.2 Ablation Analysis

The ablation study is built around aspects including the pro-
portion of computation and communication time, load equal-
ization, and astringency. Moreover, in order to prove that the
modifications do not affect the model accuracy, the results for
inference are also evaluated for verification.

Proportion of Computation and Communication

We record the total elapsed time per epoch as well as the time
consumption for computation, communication, overlapping,
and idle with MoEs under different cluster configurations, as
shown in Figure 10. Following the analysis of the average
time consumption per step, LocMoE has both minimal com-
putation overhead and communication overhead under 64N
and 128N. However, under 256N, although LocMOoE still has
the lowest computation costs, its performance does not sur-
pass the HashMoE. The reason is that load balance is more
critical than locality when some devices may not have ex-
perts. Due to some of the aforementioned engineering op-
timizations, the propotion of elapsed computation time of
LocMOoE slightly fluctuates when the amount of devices in-
creases. Meanwhile, the proportion of communication also
rises, and the degree of overlapping becomes deeper.

The overall time consumption proportions are shown in
Figure 11, and the impact of our innovations on these op-
erations can be visually detected. LocMoE always has a rel-
atively smaller time proportion of computation and a higher
overlapping proportion compared to SwitchMoE. The actual
computation time of LocMoE approaches or is a bit lower
than HashMoE, which has no extra computation for token
features. When the resource increases, the time proportions
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Figure 11: The time consumption ratio with different MoEs under
our cluster groups.

of communication for these MoEs all reflect an increasing
trend. Specifically, from 64N to 128N, the increasing com-
munication proportion in LocMoE is not as tangible as Hash-
MoE and SwitchMoE. It is shown that the communication
time of LocMoE is markedly elevated under 256N with 32
nodes as was expected. The phenomenon indicates that Loc-
MoE is more appropriate for cases whose number of experts
is larger than that of nodes. The locality would lose efficacy
when the local expert does not exist. Overall, LocMoE offers
more notable enhancements in computation.

Distribution of Expert Assignment

Taking the cluster of 64N as an instance, Figure 12 portrays
the distribution of expert assignments in different MoEs dur-
ing the training process. Since HashMoE adopts an absolute
balance strategy, the allocation of tokens is quite balanced at
initialization. However, SwitchMoE and LocMOoE initialize
from the allocation to a single expert. To avoid misinterpreta-
tion, the analysis begins at epoch 200. The vertical axis indi-
cates the number of tokens assigned to each communication
group, and the horizontal axis indicates the index of experts.
There are 16 experts in our experiments, and the index range
is from O to 15. The cumulative number of tokens routed to
expert ¢ can be observed along the specific vertical axis corre-
sponding to the expert. Each occurrence of a non-zero value
means a new token being assigned to this expert. Successive
color bars indicate that shuffled tokens are continuously as-
signed to the same experts, thus causing imbalances to arise.
As can be seen from the figure, the rigid constraints in Hash-
MoE ensure that its assignment is even. However, almost
no token is routed to experts with an index of 9 to 15 in the
subfigure of SwitchMoE. It results in nearly 40% of the ex-
perts’ invalidation; to make matters worse, the phenomena of
“winner-take-all” is pronounced in expert number 5 and ex-
pert number 6. LocMoE, due to the localized bootstrapping,
can allocate the token to these experts evenly during the train-
ing process, indicating that the dual constraints of auxiliary
and locality loss can steadily enhance resource utilization.

Astringency and Accuracy

The astringency is measured by the valid perplexity through-
out the process, and the comparison of the convergence speed
under different MoEs is depicted in Figure 13. The overall
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convergence speed of LocMoE is between that of HashMoE
and SwitchMoE in the early stage, and they have an analogi-
cal tendency of convergence after a certain amount of epochs.

HashMoE exhibits better convergence performance due
to the fixed and uniformly assignment of RRE. This phe-
nomenon may be perverse because the unlearned routers
make it hard to distinguish experts and converge rapidly. The
reason for such a situation may be the relatively small angle
between tokens in corpora. Concretely, from Appendix B, the
dataset contains the fine-grained classification of materials in
a specific domain, and the similarities between these items are
inherently high. Thus, the composition of the dataset needs
to be ameliorated. As for LocMoE, more experts participate
in the early training process due to locality. Compared to
SwitchMoE, whose routing probability relies only on the to-
ken feature, it may promote astringency using LocMoE.

The performance on multiple NLP tasks (see Appendix E)
compared with the original PanGu-Y is illustrated in Figure
14. All models are pre-trained with the corpora introduced
in Appendix B from scratch. The LocMoE and the baseline
(original PanGu-X) are both more adept at the query type,
while they have difficulties with tasks of the fault tree. The
samples of query type are displayed in Appendix F. Due to
the enhancement of discrimination for experts and tokens, the
comprehension and expressive ability of semantics in various
tasks is generally improved.

Corpora Label ICT Exam

—e— Baseline
—e— LocMoE

Title Rewrite Solution

MRC Fault Tree

Intent Rewrite Query Type

Multiturn Rewrite QA

Figure 14: The scores of inference tasks compared with the baseline.

5 Conclusion

In this paper, we propose a low overhead structure named
LocMoE to relieve the performance bottleneck of existing
MoE. The modifications mainly revolve around the mecha-
nism of token assignment. The locality loss, which can be de-
lineated as the distribution difference of token assignments, is
proposed to promote locality computation on the premise of
load balance. We also provide the theoretical demonstration
for the lower bound of the expert capacity to achieve the same
effect by training fewer tokens. To meet the assumption of or-
thogonal gating weight, the GrAP layer is adopted instead of
the dense layer to calculate the gating values, and it can also
reduce the overhead of computation. Incorporating group-
wise All-to-All and communication overlapping features, the
elapsed time of communication is further reduced. The exper-
iments are performed on Ascend clusters with 64, 128, and
256 NPUs. Compared with current state-of-the-art MoEs, the
performance improvement of training is up to 22.24%. Eval-
uating multiple NLP tasks, it is detected that the interactive
capability of our model is also enhanced. From the results
that explore the relationship between the scale of expert ca-
pacity and the token features, we find that the dataset con-
struction still needs to be improved. In future work, we will
further organize the multilingual corpora from more fields.
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Appendix
A. Proof Sketch in 3.2

A.1 Proof for Lemma 1

Proof. According to the previous definition, ;- ;
cos(6;+ ;), where i* is the expert that the token j routed to.
0;- ; is the angle between token j and the gating weight w;-
corresponding to the expert ¢*. Combined with Formula (3)
and (4) in Section 3.2, we have:

1" = argmax({w;, Tm))
1€[n]

where (w;, T ) = [|wil|-||2m |- cos(Bs« ;)

1" = argmax({w;, Tm)) (10)
1€[n]
= arg max(d;~ ;)
i€[n]
O

A.2 Proof for Lemma 3

Proof. The area of a hyperspherical cap in a n-sphere of ra-
dius 7 can be obtained by integrating the surface area of an
(n — 1)-sphere of radius r sin § with arc element rdf over a
great circle arc, that is:

@
A%ap(r):/ Ap_1(rsinf)rdd
0
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where A, (r) denotes the area of the high-dimensional

sphere. ps can be viewed as the proportion of the symmet-

rical areas formed by 6 to that of the entire sphere, shown as
Figure 15:

_2A,P(r,0)

ps = An(r)
d—1 1

S
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Figure 15: The schematic of ps
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where v is the incomplete gamma function. Combined
with Formula (2) in Section 3.2, erf(g) ~ (.68, then:
1 d-1

—. . ——)~0.3
3 5)

5 (14)

O

p5:1—152<

A.3 Proof for Theorem 1
Proof. Refer to the assumption about distributions of class-
discriminative and class-irrelevant patterns in pMoE [Chowd-
hury er al., 2023], with analogy, the tokens satisfy dij >0
can be regarded as the class-discriminative token. Then, the
problem we need to explore can be converted to find the
minimum amount of tokens that make at least one class-
discriminative token routed to expert .

Suppose p; is the probability that the token routed to the
expert ¢ is a class-discriminative token; we have:
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Hyperparameter Description Value
adam_eps Terms to increase the stability of numerical calculations le-6
batch_size The size of data input to the model for training each time, related 32

to the number of devices
expert_num_per_dp_dim Number of experts per communication group 1
expert_parallel Number of experts in parallel 16
moe_layer_num Number of MoE layers 8
num_heads Number of parallel heads 40
op-level_model_parallel num Number of parallel models 8
sink_size The size of data executed per sink 16

Table 1: The critical hyperparameters in configuration of PanGu-X.

Ps 1 d-1
méég—n 5 5 )
where the first inequality holds since the token satisfies
d;,; > ¢ may not always be routed to expert ¢. Then, the
minimum value of expert capacity under the circumstance of
at least one class-discriminative token routed to expert ¢ can
be written as:

[ — I (15)

1 1
€Cmin = — = _
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B. Datasets

PanGu-X has already demonstrated its ability to learn effi-
ciently and independently from text corpus in various do-
mains. In this work, we will evaluate the performance of
PanGu-X in detailed knowledge of a specific area. The ma-
terials connected to mobile network operators’ services are
chosen as input corpora. Concretely, blogs and technical
documents in the form of iCase, Wiki, core network/Man-
Machine language (MML), configuration translations, feature
documents, etc., are collected. These corpora are in Chinese,
English, or bilingual (Chinese-English).

C. Experimental Environment

The experiments are conducted on Ascend clusters, and the
environment falls into three groups: 64, 128, and 256 Ascend
910A NPUs. The Ascend 910A series NPU has 32 Al Cores,
with a maximum memory capacity of 2TB and a maximum
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memory bandwidth of 1.07TB/s. The collective communica-
tion function on high-speed links such as PCI-E, HCCS, and
ROoCE is realized by HCCL, a high-performance collective
communication library based on the Ascend. It provides com-
munication primitives on single-node-multi-card and multi-
node-multi-card, and it also supports various communication
algorithms such as ring, mesh, HD, ring + HD, and mesh +
HD.

The versions of the Compute Architecture for Neural Net-
works (CANN) suite (toolkit, CANN, driver) are 5.1.RC2.1,
1.84, and 23.0.rc2, respectively. The CANN is the hetero-
geneous computing architecture developed by Huawei, and it
supports multiple Al frameworks, including MindSpore, Py-
Torch, TensorFlow, etc., providing interfaces to build Al ap-
plications on the Ascend platform. Our model runs on the
MindSpore framework with version 2.0.0.

D. Model Configuration

The hyperparameter configuration of our model is listed in
Table 1. Thereinto, batch_size and sink_size are relevant to
the number of devices, and the values in the table are under
128N. The total number of experts can be obtained by ex-
pert_num_per_dp_dim * expert_parallel.

E. Measurement Metric

We design multiple NLP tasks to systematically evaluate the
knowledge understanding and semantic expression capabili-
ties of our model. These tasks are extracted from 10 busi-
ness perspectives in the field of carrier networks, such as
fault tree nodes, solutions, ICT certification exams, and ti-
tle rewriting. Among them, taking the recognition fault tree
node as an example, the construction of the NLP task is di-
vided into two steps: firstly, the text is differentiated into diffi-
culty levels (L1 to L3) according to the logical complexity of
concepts and inter-conceptual relationships, and the samples
are selected according to the hierarchies. L1 contains sin-
gle and a group of connection parameters with integrity and
independence, complete temporal connection parameters; L.2
represents quantitative relationship parameters, referential re-
lationship parameters, and combination parameters; L3 de-
notes the sample that cannot be intellectualized. In the next
step, after the classification is completed, the prompt, derived
from the structured specification of the fault discriminative
approach, is applied to generate structured parameters and re-
stores the discrimination logic.
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