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Abstract

Mixture-of-experts (MoE) is gaining increas-
ing attention due to its unique properties and
remarkable performance, especially for lan-
guage tasks. By sparsely activating a subset
of parameters for each token, MoE architec-
ture could increase the model size without sac-
rificing computational efficiency, achieving a
better trade-off between performance and train-
ing costs. However, the underlying mechanism
of MoE still lacks further exploration, and its
modularization degree remains questionable.
In this paper, we make an initial attempt to
understand the inner workings of MoE-based
large language models. Concretely, we compre-
hensively study the parametric and behavioral
features of four popular MoE-based models
and reveal some intriguing observations, includ-
ing 1) Neurons act like fine-grained experts;
2) The router of MoE usually selects experts
with larger output norms; 3) The expert diver-
sity increases as the layer increases, while the
last layer is an outlier, which is further vali-
dated by an initial experiment. Based on the
observations, we also provide suggestions for a
broad spectrum of MoE practitioners, such as
router design and expert allocation. We hope
this work could shed light on future research on
the MoE framework and other modular archi-
tectures. Code is available at https://github.
com/kamanphoebe/Look-into-MoEs.

1 Introduction

The advent of Large Language Models (LLMs) rev-
olutionized the field of Natural Language Process-
ing. LL.M researchers are continually pushing the
boundaries of Language Models by scaling up both
model size and the column of training data, sig-
nificantly enhancing the capabilities of these mod-
els. This escalation in training cost and complexity
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necessitates innovative solutions to better balance
between pre-training efficiency and model perfor-
mance. One emerging solution to this end is the
Mixture-of-Experts (MoE) (Shazeer et al., 2017)
architecture. The MoE framework facilitates the
computational efficiency of the model by dynami-
cally routing inputs to a subset of experts, allowing
for substantial model scaling while maintaining
training costs and leading to numerous influential
advancements in the field (Reid et al., 2024; Jiang
et al., 2024; Dai et al., 2024; Team, 2024).

Beyond efficiency, another attractive trait of
MOoE architecture is its modular design and learn-
ing paradigm. This modularization allows for flex-
ible and potentially more generalizable handling
of diverse data and tasks within a single model by
assigning them to specialized experts. Despite its
widespread adoption, it remains an open question
whether current MoE-based LLMs truly leverage
this modularity in knowledge distribution and ex-
pert behaviors. In other words, is MoE a simple
ensemble of homogeneous experts or a modular
combination of heterogeneous experts? Answer-
ing this question comprehensively is non-trivial.
Therefore, in this paper, we take the first step
by investigating four popular MoE-based LLMs
(Mixtral 8x7B (Jiang et al., 2024), Mixtral 8x22B,
DeepSeekMOoE (Dai et al., 2024), and Grok-1")
from two critical perspectives: model parameters
and model behaviors. We aim to explore common
and distinct features and behaviors among different
experts, further shedding light on the inner mecha-
nisms of MoE-based models.

Specifically, we examine the correlation between
experts’ parameters, gates, and their output features
given text inputs. Before diving into deeper anal-
yses, we briefly summarize some of our empirical
conclusions (detailed in § 6) and observations:

e Neurons in the Feed-Forward Network (FFN)
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layer are fine-grained experts. Both the gate
embedding matrix and the expert projection ma-
trix Wy, perform the choosing operation: the
former determines the expert selection while
the latter controls the neuron activation. We ob-
serve that the similarity heat maps exhibit cor-
relations, suggesting that, from the perspective
of Wy, the expert neurons can be considered
as “tiny” experts, each represented by a single
neuron.

¢ Increasing the number of experts in deeper lay-
ers while reducing it in the last layer. This is
experimented in Fig. 5. Our observations indi-
cate that the similarities between the parameters
and outputs of the experts consistently decrease
with increasing layer number, followed by a
sudden increase in the last layer.

* Using the norm as the routing mechanism is a
reasonable choice. For both Mixtral 8x7B and
DeepSeekMOoE, we observe that the gate typi-
cally selects experts with larger output norms.

* When analyzing the correlation between experts,
measuring the similarities between weight ma-
trices is, to some extent, equivalent to assessing
the average similarities of expert outputs.

* Training MoE from scratch promotes greater
expert diversity than specific initialization
schemes. This stems from the observations that
stronger correlations (e.g., higher similarities)
between parameters and behaviors in Mixtral
experts. In contrast, DeepSeekMoE and Grok-
1, which are trained from scratch, do not show
these correlations.

2 Preliminary: Mixture-of-Experts

Mixture-of-Experts models enhance transformers
by replacing the original FFNs with N parallel
FFNs combined with a router. These /N FFNs are
called experts and denoted as E,, for n € [1, N]|.
The gate g(-; Wy, k), parameterized by W, and an
integer k, assigns the input z to a score distribution
over the experts, g(x; Wy, k) € RY. Typically, the
gate g consists of a simple linear layer followed by
a softmax and a Top-k function.

Given x € R%id, the output y € R%i is the
weighted sum of the outputs from all experts:

y=>_ gnlx; Wy, k) Ep(2)
neN

When k for Top-k is smaller than NV, only a sub-
set of experts is involved in the computation. This

is known as Sparse Mixture-of-Experts (SMoE).
The experts F,, of the models investigated in this
paper follow the style in LLaMA (Touvron et al.,
2023), which consists of three linear layers and
operates as (the subscript n is omitted for brevity):

E($) = WdOWn(Wupx © U(Wactl')) (1)

where © represents element-wise multiplication
and o represents the activation function. Given the
three projection matrices Wyp, Wyer € Rmia>hia
and Wyown € Rhiaxdmia e define a neuron as
the combination of the row vectors Wi, :] and
Wactli, :], along with the column vector Wgwn|:, 7).
Thus, each expert contains dpiq neurons, each with
size dhid-

3 Overview

Our experiments are conducted on several open-
source MoE models, namely Mixtral 8x7B, Mixtral
8x22B 2, DeepSeekMoE, and Grok-1. We choose
these models due to their widespread use and im-
pressive performance across various domains. Ad-
ditionally, they exhibit complementary characteris-
tics across several key attributes, enabling a robust
comparative analysis using control variables. De-
tails are discussed in Append A. To further study
the similarities and differences between a standard
transformer and a MoE model, we include Mistral
7B (Jiang et al., 2023) as one of our investigated
models. Basic information about these models,
along with the abbreviations used throughout our
paper, is summarized in Tab. 1 and Tab. 4. The anal-
ysis is divided into two sections: one focusing on
model parameters (static) and the other on model
behaviors in response to text input (dynamic).

Unless otherwise stated (§ 5.1), cosine similarity
is employed for all experiments involving similarity
measurements. While we acknowledge the exis-
tence of other metrics, we primarily use cosine
similarity as it is a widely adopted approach (Sun
et al., 2024; Zhang et al., 2021).

4 Analysis of Static Parameters

From a high-level perspective, a model’s knowl-
edge is encoded in its parameters, making the in-
vestigation of weight matrices a natural approach.
In this section, we study the correlation between
the parameters of: i) MoE experts (and FFNs for

2For the Mixtral 8x22B model, we only conduct most of

the analyses mentioned in the main context (excluding those
in the appendix) due to time limit.



Model Abbreviation # MoE layers

# experts

Hidden size Intermediate size

Top-k

(dhia) (dmia)
Mixtral 8x7B Mixtral 32 8 2 4096 14336
Mixtral 8x22B  Mixtral-22 56 8 2 6144 16384
Mistral 7B Mistral 32 N/A N/A 4096 14336
DeepSeekMoE  DeepSeek 27 64 routed + 2 shared 6 2048 1408
Grok-1 Grok 64 8 2 6144 32768

Table 1: Basic information of models used for analysis. The abbreviations are used throughout our paper.

Mistral), and ii) gate embeddings; which are two
vital components of the MoE architecture.

4.1 Weight Matrices of Experts

MOoE models replace FFNs in standard transform-
ers with experts. Following Geva et al. (2020); Qiu
et al. (2024b), the projection matrices of the experts
can be regarded as keys and values: the column vec-
tors of Wyown represent potential outputs; the row
vectors of Wy, produce weights for each possible
output; the row vectors of Wy determine whether
to activate the corresponding neurons. Thus, ex-
amining the weight matrices provides a straightfor-
ward way to understand the expert behaviors. We
analyze both the matrix and neuron levels to gain
insights from different perspectives.

4.1.1 Matrix-level

In this part, we explore the similarity of the three
projection matrices Wyp, Wicr, and Wyown among
all experts in each layer. The similarity is calcu-
lated based on the flattened matrices and is illus-
trated in Fig. 1. We denote “F” as the Mistral FFN
and “SE” as the DeepSeek shared expert. Note that
the figures for different models do not share the
same color bar.

Common . The heat maps of the three matrices ex-
hibit similar patterns. Directly flattening the large
weight matrices leads to high-dimensional vectors,
so we use principal components analysis (PCA)
to reduce these vectors to two-dimensional space.
The resulting figures also show that, for Mixtral and
DeepSeek, the expert distribution across the three
weight matrices is generally comparable. Details
on the PCA results are presented in Append C.1.
Mixtrals and Mistral. The cosine similarities be-
tween Mixtral experts (See) primarily range from
0.2 to 0.4, while the similarities between the experts
and the Mistral FEN (Sg¢) are about 0.6. Yet the
values tend to be lower in the deeper layers (22"9-
30™ for Mixtral and 35%-50" for Mixtral-22). A
“dark cross” can be observed in some layers and

3The observations shared by all of our investigated models
are written in the Common part.

corresponds to outliers in the 2D space projected
by PCA, indicating that the associated expert is rel-
atively distinct from the others. Interestingly, this
cross appears most frequently in Expert 3 for Mix-
tral, suggesting that this expert may have learned
some unique attributes. It is noteworthy that the
cross usually extends across the entire heat map,
including the last row of the FFN. Thus, when an
Mixtral expert differs from other experts, it is also
less similar to the Mistral FFN.

DeepSeek and Grok. The shared experts of
DeepSeek are implemented as a single MLP block
with a larger hidden size than the routed experts,
preventing direct comparison of their flattened vec-
tors; thus, we omit them from this experiment.
Fig. 1 demonstrates that the similarities between
the DeepSeek routed experts and Grok experts are
close to zero. While Mixtrals’ training method
remains unrevealed, it is known that DeepSeek
and Grok are trained from scratch. This suggests
that Mixtrals may have been trained using special
schemes, resulting in less diverse experts compared
to those trained from scratch (Wu et al., 2022).

4.1.2 Neuron-level

In § 4.1, we measure the parameter similarity be-
tween experts at the matrix level. However, the cal-
culation of cosine similarity is position-dependent.
If the neurons of two experts are similar but in
different orders, the similarity of their weight ma-
trices will be significantly lower than expected. To
address this, we propose two approaches to inves-
tigate the correlation at the neuron level: averag-
ing and reordering. Averaging simply averages
the rows (for Wy, and W) or the columns (for
Waown) of the weight matrices, and then calcu-
lates the cosine similarity of the resulting vectors
across experts. For reordering, we apply the Jonker-
Volgenant algorithm (Jonker and Volgenant, 1988),
which is typically used for solving linear assign-
ment problems, to find the optimal order of neurons
so that the cosine similarity between two experts is
maximized.

We describe the results of the reordering method
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Figure 1: Matrix-level similarity heat maps of expert weight matrices. Each layer contains three heat maps, corresponding to
Waps Waet, and Waown, respectively. The tick numbers refer to the expert indices. “F” denotes the Mistral FFN.

below and provide the details of the averaging ap-
proach in Append D. Additionally, the projection
of neurons into low-dimensional spaces using PCA
can be found in Append C.2. Due to the heavy
computation, we only select several layers for the
reordering calculation. Note that the matrices are
reordered separately. We measure Kendall’s 7 co-
efficient between the index sequences before and
after reordering, whose value increases when the
two sequences exist strong agreement. Tab. 2 de-
picts the common similarity growth after reorder-
ing and the average Kendall’s coefficient 7 over
the selected layers. The order of Mixtral neurons
changes little (resulting in a large 7), and hence
nearly unchanged similarities. Despite the substan-
tial similarity increase for DeepSeek and Grok after
reordering, their overall values remain around le-2.

Model Order of Growth T
Mixtral le-3 0.75
DeepSeek 100 -0.0002
Grok 100 -0.0003

Table 2: Reordering results of expert neurons.

4.2 Gate Embedding

The gate embedding of our investigated MoE mod-
els is implemented as a linear layer W, with size
RY x R%id where N is the number of experts.
The gate serves as a crucial component of MoE,
making it essential to study its attributes to under-
stand MoE functionality better. In addition, since
each row vector in the gate embedding determines
expert selection, some correspondence may exist
between W, and the expert weights.

To investigate this, we measure the similarities
between the gate embedding vectors Wy [n, :] for
n € [1, N]. For computational simplicity, we com-
pare them with the neuron-level averaging (instead
of the reordering) heat maps of experts presented
in Append D, with qualitative analyses detailed in
Append E. Specifically, we found that, for all four
MOoE models, the patterns in the heat maps of gate
vectors and of expert neurons W[4, :] are partially
alike in some layers (i.e., the same coordinates in
both heat maps exhibit relatively higher or lower
values simultaneously).

Therefore, we further conduct a quantitative anal-
ysis of their similarity values. In particular, we
perform linear regression on the paired similarity



dataset (X, Y"), where X denotes the similarities of
Wy[n,:], and Y denotes the neuron-level similari-
ties of Wyp, Wac, or Wyown. Tab. 3 describes the
average square of Pearson correlation coefficients
over all layers (szg), while Tab. 5 lists the Pearson
correlation coefficient (R) for each layer. As shown
in Tab. 3, the correlation between the similarities of
the gate vectors and those of W, is significantly
stronger than that with Wy, and Wyow,. For the
(X, Yyct) pair, although Mixtral and DeepSeek have
similar Rfvg values, the R? of Mixtrals fluctuate
between 0.1 and 0.7, while the R? of DeepSeek
remains close to 0.4. Furthermore, we can see from
Tab. 5 that (X, Yy¢¢) for both Mixtral and DeepSeek
show positive correlations, whereas (X, Yy) for
Grok turn to negative correlations starting from the
intermediate (after 25") layers. We note that the
function of W, and W is analogous: the former
determines expert selection while the latter is re-
sponsible for choosing which neurons to activate.
Therefore, they may learn similar knowledge to
effectively perform the choosing operation, which
explains the observed correlation.

Model (X,Yep) (X,Yi) (X, Yioun)
Mixtral 0.06 0.33 0.07
Mixtral-22 0.13 0.26 0.13
DeepSeek 0.00 0.40 0.00
Grok 0.04 0.15 0.04

Table 3: Average square of Pearson correlation coefficients
over all layers (Rfvg) for three paired dataset.

4.3 Summary

Here, we conclude the key observations from the
analysis of static parameters: i) Mixtral might con-
tain expert(s) with unique attributes, as evidenced
by the frequent presence of dark crosses in Fig. 1.
ii) The similarities of DeepSeek and Grok expert
weight matrices are generally lower than those in
Mixtrals. As mentioned in § 4.1.1, the matrix-
level similarities of DeepSeek and Grok experts are
typically close to zero, whereas Mixtrals’ expert
similarities average around 0.3. iii) The weights
of different experts become less similar in deeper
layers, as observed in the Mixtrals’ heat maps in
Fig. 1. iv) Wyp, Waown, and Wy, share similar pat-
terns in their similarity heat maps (Fig. 1). v) The
similarities of ¥, and of W, show either positive
or negative association. Tab. 3 depicts the Rgvg
values, where the pairing of W, and W, achieves
the highest correlation across all four models.

5 Analysis of Dynamic Behaviours

The previous experiments examine the MoE mod-
els via their parameters, without involving any in-
put. In this section, we feed text sequences into
the MoE models to further study their actual be-
haviours given various inputs. Specifically, we
analyze the outputs of the experts and gates.

To this end, two stages are required for infer-
ence. In the first stage, we simply pass the input x
through the network using the original Top-k set-
ting and store the output z; of every layer ¢. In the
second stage, we iterate through the layers. During
the i-th iteration, we feed z;_; into the ¢-th layer
(for the first layer, x is employed as the input), set
Top-k = ALL, and record the outputs from all the
experts in the i-th layer. Note that each layer has
its own individual forward pass in the second stage.
Intuitively, our goal is to examine the experts’ be-
haviors when provided with the original inputs.

Input data. We utilize a short input and a long
input for the experiments in this section. For the
short input, we employ the first few words of the
input from another MoE-related work (Cai et al.,
2024) *. For the long input, we adopt 10 sequences
from the test set of the WikiText-103 (Merity et al.,
2016) dataset, totaling approximately 1100 tokens.
The sequences in WikiText-103 cover a variety
of domains, with the 10 sequences we used span-
ning topics such as music, design, and construction.
To ensure the robustness of our findings, we re-
peat experiments requiring the long input (§ 5.1,
§ 5.2) using additional datasets with over 80K to-
kens, including GSMS8K (Cobbe et al., 2021) and
Magicoder- Evol-Instruct-110K (Wei et al., 2024b).
See Append F for details. The observations of these
additional, subject-specific datasets align with the
results described in the main context, demonstrat-
ing the universality of our conclusions.

We also conduct experiments for analyzing inter-
mediate states of experts and routing patterns. Due
to the page limit, these experiments are presented
in Append H and Append I, respectively.

5.1 Outputs of Experts

Since experts are ideally learned to specialize in dif-
ferent aspects, it is natural to question the similari-
ties and differences between the outputs of selected
and non-selected experts. In this experiment, we

“The specific tokens are <s>, As, an, open, source, alter-
native, to, where the start of the sentence symbol <s> does
not applicable for the Grok tokenizer.



Mixtral
exp 2,0

ml.o

0.5

0.0

Layer 6
TNOUEWNRO
TNOUAWNEO
TNOMAWNIO

Layer 18

01234567F
exp 3,4
{7

01234567F
exp 5,3

01234567F

exp 3,5 10

0.5

0.0

Layer 27
MNOMEWNRO
TNOUEWNRO
NN EWN O

Layer 31

=05

01234567F 01234567F 01234567F 01234567

Mixtral-22

01234567

DeepSeek

01234567
exp 1,6

01234567

exp 2,6 exp 1,5 exp 1,5 =1.0 exp 7,1 exp 6,2 exp 6,4 1.0 exp 2,6 exp 7,1 exp 2,5 10

g g ? : 0 0 0 . 0 0 0 8
o n 1 1 1 1 1 1
n 2 2 2 05 1n 2 2 2 05 ® 3 2 2 0.5
= 2 3 H 3 3 3 o3 3 3
o4 4 4 00 9 2 2 2 00 > 2 2 2 0.0
> 5 5 5 > 2
<6 6 6 © 5 5 5 85 5 5
=3 7 7 —05 — 6 6 6 -0.5 6 6 6 -0.5

F F F 7 7 7 7 7 7

01234567F 01234567F 01234567F 01234567 01234567 01234567 01234567 01234567 01234567

Figure 2: Similarity heat maps of expert output features using the short input. The top k experts for each token are shown on
top of each heat map. The tick numbers refer to the expert indices. “F” and “SE” denote the Mistral FFN and the DeepSeek
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Figure 3: Average similarity heat maps of expert output features using the long input, plotted along with the matrix-level
similarity heat maps. The tick numbers refer to the expert indices. “F” denotes the Mistral FFN.

measure the correlation between the output feature
vectors of experts. We plot the similarity heat maps
for three tokens in the short input (Fig. 2) and the
average heat map across all tokens in the long input
(Fig. 3). For the long input, we use angular similar-
ity instead of cosine similarity for measurement, as
the similarities need to be averaged, ensuring that
the values range from O to 1:

. arccos (cosine_sim)
angular_sim =1 — .

2

For clarity, the average similarity heat maps are
plotted alongside the matrix-level similarity graphs
of the expert weight matrices. Fig. 9 further de-
picts the results from additional datasets, which are
consistent with those of the long input.

™

Mixtrals and Mistral. The graphs for the short
input indicate that the outputs from chosen experts
tend to be more similar, possibly due to their gen-
erally larger norms, which we will discuss in § 5.2.
Overall similarities are relatively low in the deeper
(22"-27™ for Mixtral and 30"-50" for Mixtral-22)
layers, whereas many values exceed 0.8 in the last
few layers. Furthermore, dark crosses often appear
in the graphs, with the experts corresponding to
these dark crosses often being more similar to the
Mistral FEN (i.e., bright color in the last row). For
the long input, the average heat maps show patterns
akin to neuron-level similarity graphs, including
the presence of dark crosses. The similarities also
decrease with increasing layer depth, except in the



last layer. In addition, we have See > Sef for both
inputs. Most of these observations align with the
previous analyses of static parameters (§ 4.3), im-
plying that measuring the similarity of weights, in
some aspects, is equivalent to measuring the aver-
age similarity of outputs.

DeepSeek. Given the short input, most similarities
are around zero, while the values in the last layer
are significantly larger. Again, the similarities be-
tween experts chosen by the gate are likely to be
higher, although this difference occurs much less
frequently than in Mixtrals. The average similar-
ities for the long input also approach zero. More-
over, the number of “small rectangular” with rela-
tively light color in the graphs decreases as the layer
depth increases (except for the last layer), meaning
that the average similarities gradually decline.
Grok. Surprisingly, the similarities between the
output features remain high for all tokens in the
short input, indicating the experts exhibit simi-
lar behaviours. However, the similarities of their
weight matrices are mostly zeros (§ 4.1.1). We
speculate that this may be due to the relatively large
size of each Grok expert, allowing each to learn
comprehensive knowledge and behave similarly de-
spite having distinct parameters. When averaging
the similarities for the long input, some of the re-
sulting average heat maps display patterns similar
to those of the W, figures. This relationship aligns
with the observations made for Mixtrals.

5.2 Norms of Expert Outputs and Gate Scores

In § 5.1, we find that the outputs from chosen ex-
perts tend to be more alike. To investigate the
possible reasons for this observation, we employ
the short input to study the relationship between
the experts’ L2 norm and the gate decision in this
experiment. The calculated norms, along with the
gate scores, are plotted in Fig. 4. In Append G,
we repeat this experiment using the long input and
additional datasets, and the results also support the
“higher norm, higher score” observation.

Mixtrals. We found that the two experts cho-
sen by the gate usually output feature vectors
with the highest norms, which reveals that the
norm might be one of the key factors in gate de-
cisions. This finding agrees with the router’s de-
sign in CompeteSMoE (Pham et al., 2024), which
selects experts based on their output norms. It
also helps explain why the outputs of the chosen
Mixtrals and DeepSeek experts tend to be more
alike (§ 5.1). In Fig. 4, we observe that the gate

scores assigned to the top-1 experts are usually
much higher than those of the others, including the
second place. This demonstrates that the gate is
learned to strengthen the confidence of its decision
during training. On the other hand, the deeper the
layer, the larger the norm, which is similar to the
growth in standard models (Shleifer et al., 2021).
DeepSeek. In contrast to the observation about
Mixtrals’ experts, the gate decision appears to
depend less obviously on the output norms of
DeepSeek experts. However, the top-1 experts of-
ten score much higher than the remaining candi-
dates. The magnitude of the norms increases with
depth, although the increment is less pronounced
than in Mixtrals. In the last layer, the variance of
norms becomes greater.

Grok. While the scores of the top-1 experts are
higher than those of the others, no correspondence
between the norms and the gate scores is observed.
One possible reason could be the relatively low acti-
vation ratios of GeLU (see Append H), which may
lead to a weaker dependence on the norm for gate
decisions. Besides, unlike Mixtrals and DeepSeek,
the magnitude of the norms hardly changes across
depth, and some of the norm values can be less
than 1, which is rare in the other two models.

5.3 Summary

The observations of dynamic behaviours are con-
cluded below: i) The outputs of Mixtrals and
DeepSeek experts in deep (last) layers are less
(much) alike. This can be seen in the heat maps
for both the short (Fig. 2) and long (Fig. 3) in-
puts. ii) The average heat maps of expert out-
puts resemble the neuron-level similarity graphs
(Fig. 3), implying that weight similarity measure-
ments can reflect output similarity. iii) Grok ex-
perts exhibit high output similarity (Fig.2), likely
due to their larger sizes. iv) For Mixtrals and
DeepSeek, experts generating feature vectors with
larger norms tend to receive higher gate scores, as
shown in Fig. 4. We further verified this observa-
tion in Fig. 10.

6 Discussion

Based on our analyses, we offer several suggestions
for MoE models across various aspects.

Neuron-level experts. Intuitively, the gate embed-
ding matrix W, determines expert selection while
Wagt 1s responsible for choosing which neurons to
activate. Meanwhile, we find that the similarities of
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Figure 4: The experts’ L2 norms and the gate scores of the short input

. Each token’s k experts are shown on top of each heat

map. Each number in the horizontal axis refers to an expert index.
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Figure 5: Normalized model performance across benchmarks
for the dynamic expert numbers experiment. Solid line rep-
resents lower is better, while dashed line represents higher is
better. “Bench avg” refers to the average performance over
the four benchmarks evaluated.

W and of W show association. This implies that
neurons may function as more fine-grained experts.
Therefore, operations on experts, such as division,
construction, and composition, should be further
studied at the micro level. For instance, MoEfi-
cation (Zhang et al., 2021) and EMoE (Qiu et al.,
2024a) construct MoE experts by splitting the MLP
layers of a dense model, suggesting our findings
from a similar perspective.
Model architecture. Given that the similarities
between experts tend to be relatively low (high)
in deep (last) layers, one can consider increasing
the number of experts in the deeper layers while
reducing it in the last layers. In addition, since the
gate frequently selects experts with larger output
norms, employing norm-based routing mechanism
is a reasonable approach. Empirical evidence from
Pham et al. (2024) supports this effectiveness.

We conduct an initial experiment to provide prac-

tical experience into our suggestion regarding dy-
namic expert numbers across layers. Specifically,
we train six MoE models from scratch, each con-
taining 24 layers and 3.6B total parameters, us-
ing approximately 120B tokens. One of the six
models is composed of 24 MoE layers, while the
others comprise only 23 MoE layers, with one con-
ventional non-MoE layer positioned at different
indices. Details of the model architecture are pro-
vided in Tab.7. As displayed in Fig.5 and Tab.6, the
average model performance (i.e., PPL and Bench
avg) gradually degrades as the non-MoE layer in-
dex increases, whereas a slight improvement ap-
pears when the non-MoE layer is placed at the
last position (24"). This highlights the growing
importance of multiple expert networks in deeper
layers, excluding the last one, which aligns with
our observations and suggestions.

Correlation measurement. Analyzing expert cor-
relations through weight matrix similarities yields
partially equivalent results to those from output fea-
ture vector similarities across considerable tokens.
Thus, assessing weight matrices offers a broader
overview, while examining individual token out-
puts allows for more detailed analysis.

Training scheme. The training method for Mixtral
has not been publicly announced. However, we
observed certain characteristicss shared by Mixtral
experts (e.g., relatively high similarities of weight
matrices), and a notable relationship between these
experts and the Mistral FFN (e.g., similar intermedi-
ate states in Fig. 12). Consequently, we conjecture



that the Mixtral model may be trained using special
initialization schemes other than from scratch, e.g.,
upcycling (Komatsuzaki et al., 2022) from Mis-
tral, that is, copying all experts from the FFN. On
the contrary, the experts of DeepSeek and Grok,
which are known to be trained from scratch, show
weaker correlations than Mixtral experts in our
experiments. Similarly, Wei et al. (2024a) tracks
changes in expert similarities throughout the train-
ing process, observing that upcycled experts exhibit
greater similarity compared to those randomly ini-
tialized. Hence, we speculate that training a MoE
model from scratch shows stronger potential to fa-
cilitate the diversification of experts compared with
certain initialization approaches.

7 Related Work

Due to the page limit, we focus on existing works
analyzing MoEs. An extended related work section
for MoE LLMs can be found in Append B.

Most existing works analyze MoE from the
router’s perspective by observing expert selections.
Early works have observed the unstable choices
in the router (Zuo et al., 2021; Chi et al., 2022;
Dai et al., 2022). More recent studies find the stan-
dard routers do not show clear specialization at the
domain level (Jiang et al., 2024; Dai et al., 2024)
and primarily route based on token ID instead of
high-level semantics (Xue et al., 2024). Shi et al.
(2024) shows that Top-2 and Rank-k routing re-
sult in different model behaviours and proposes a
new self-contrast decoding method to determine
the next-token distribution based on this finding.

Other works investigate the expert’s similar-
ity (Wu et al., 2022), uncovering and utilizing
redundancies among experts for efficient infer-
ence (Li et al., 2023; Lu et al., 2024). Zhang et al.
(2024) reveals the redundancy within experts and
perform pruning based on their similarities. Liu
et al. (2023); Qiu et al. (2023) notice the connection
between routing connection and expert computa-
tion, and utilize the average of the experts’ first-
layer weights to guide routing. Pham et al. (2024)
proposes adding the expert’s output norm as a su-
pervision signal for routing training. Chen et al.
(2022) empirically and theoretically proves that a
two-layer MoE CNN is able to learn cluster-center
features via specializing experts to specific portions
of the data. While these works provide insights into
MoE from one or two viewpoints, our work offers
a systematic analysis and comparison focusing on

transformer-based MoE LLMs.

As mentioned in previous sections, several exist-
ing works share some relevance to our findings, and
thus can be seen as supportive. However, their pro-
posed ideas and methods are different from ours.
For instance, rather than revealing the nature of
the preference for large output norms in (conven-
tional top-k) routing, as we analyze, CompeteS-
MoE (Pham et al., 2024) designs a norm-based
router to introduce this tendency manually; MoEfi-
cation (Zhang et al., 2021) splits MLP layers of a
dense model to construct MoE experts, while our
study highlights that the neurons of an expert can be
seen as tiny experts. Moreover, many of our obser-
vations are novel, such as the correlation between
the router embedding matrix and the expert weight
matrix, as well as the equivalence between parame-
ter and output measurement for experts. Therefore,
we believe that our work offers valuable insights
into MoE LLMs for the community.

8 Conclusion

In this paper, we initially attempt to investigate the
inner working mechanisms of MoEs by studying
the parameters and outputs of four different MoE
models. We summarize our empirical observations
and propose practical suggestions across various
aspects. While it is premature to conclude whether
MokEs genuinely learn heterogeneous experts, some
of our experiments indicate that specific architec-
tural designs (e.g., the number of experts) and train-
ing frameworks may facilitate expert specialization.
We hope this work can provide inspiring insights
and serve as a valuable foundation for future re-
search on MoE and other modular architectures.

9 Limitations

The limitations of our work include: 1) Although
the models we investigated cover several common
designs of MoE, our analysis does not encompass
all aspects (e.g., other routing strategies like top-1
routing or model architectures that place MoE lay-
ers at every other layer); 2) Despite the availability
of other metrics, we primarily adopt cosine simi-
larity in our experiments involving similarity mea-
surement, as it is a widely used approach (Pham
et al., 2024; Chen et al., 2022); 3) We mainly focus
on the pretrained base model but seldom explore
the behaviours of models after fine-tuning. Ana-
lyzing the changes in expert behaviours during the
fine-tuning process could yield valuable insights.
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Appendix
A  Model Selection

Our experiments are conducted on Mixtral 8x7B,
DeepSeekMOoE, and Grok-1. We choose these mod-
els due to their widespread use and impressive per-
formance across various domains. Additionally,
these models are complementary in several crucial
attributes, such as training scheme, activation func-
tions, top-k settings, and the number of experts,
as listed in Tab 1 and Tab 4. This allows for a
comparative analysis with controlled variables and
encompasses a wide range of parameter sizes, from
rather small (16B) to relatively huge (314B). Hence,
we believe that the findings derived from these four
models are fairly robust, despite the limited number
of models examined.

B Extended Related Work

MoE LLMs. MoEs have garnered significant at-
tention in recent years due to their ability to effi-
ciently scale model capacity with minimal compu-
tational overhead. Most current transformer-based
MoE LLMs adopt a typical architecture design
that replaces the original FFN with multiple ex-
pert networks and a sparse gating network (Wei
et al., 2024a; Wu et al., 2024; Dai et al., 2024,
Xue et al., 2024; Jiang et al., 2024; Zoph et al.,
2022). JetMoE (Shen et al., 2024) and Module-
Former (Shen et al., 2023) incorporate Mixture
of Attention Heads (Zhang et al., 2022) into their
model, achieving further sparsity. A recent sur-
vey (Cai et al., 2024) provides a comprehensive
review of both the algorithmic and system design
aspects of MoEs. For this study, we select four rep-
resentative candidates among current open-sourced
MoE LLMs for analysis to gain intriguing insights.

C Projection of Expert Matrices in
Low-dimensional Space

C.1 Matrix-level

To better understand the relationships among ex-
perts, we employ principal components analysis
(PCA) to project the flattened vectors of weight ma-
trices into two-dimensional space. The vectors are
standardized before applying PCA. Fig. 6 depicts
the resulting 2D projection.

Mixtral and Mistral. Consistent with the observa-
tions in § 4.1.1, the figures for the three matrices
appear similar. Generally, about half of the Mix-
tral experts cluster closely together and near the

Mistral FEN, while the others locate much farther
away. Moreover, the outliers correspond to the dark
Crosses.

DeepSeek. Only routed experts are considered due
to differences in hidden sizes. Because several out-
liers exist, causing the remaining data points to be
densely gathered, we remove them using the DB-
SCAN algorithm with € = 50 and plot the rest in
Fig. 6. It can be observed that the experts distribute
rather densely, especially for Wy,. Although the
distribution of experts varies for three matrices, the
figures for Wy, and Wyown are more similar than
those of the gate matrix.

Grok. Typically, about half of the Grok experts
densely gather for Wy, and Wyown. The other half
turns out to be outliers even though no dark cross
were observed before. . Furthermore, the outliers
of the three matrices partially coincide.

C.2 Neuron-level

To project the neurons into a 2D or 3D space, each
row vector of W, and Wy, or each column vector
of Waown, 18 treated as a single data point. Stan-
dardization is then applied, following by PCA. The
visualization of the principal components is illus-
trated in Fig. 7. Different colors refer to neurons
belonging to different experts.

Common. The vast majority of neurons gather in
the low-dimensional space. In some layers, the
distribution of neurons forms a special shape, such
as a cross or a thick line, which appears the most
often for Wyown, followed by Wy, and finally Wy.
Compared to ellipses, these shapes indicate that the
neurons are relatively more similar.

Mixtral and Mistral. The neurons in the Mis-
tral FEN distribute more densely than those of the
Mixtral experts. Notably, the distribution shape of
neurons in the FFN and experts are usually alike,
even for the outliers.

DeepSeek and Grok. The number of outliers is a
bit greater tahn that observed in Mixtral.

D Averaging Expert Neurons

To investigate expert correlation at the neuron level,
the averaging approach simply averages the rows
(for Wyp and W) or the columns (for Wyown) of
the weight matrices and then calculates the similar-
ity of the resulting vectors across experts. Fig. 8
displays the graphs.

Common. The heat maps of Wy, and Wyown, are
nearly identical to those presented in § 4.1.1. Yet



Model Training scheme Activation # Total layers # Total params # Activated params

Mixtral unknown (upcycling) SiLU 32 46.7B 12.9B
Mixtral-22  unknown (upcycling) SiLU 56 141B 39B

Mistral from scratch SiLU 32 7.3B 7.3B
DeepSeek from scratch SiLU 28 16.4B 0.3B
Grok from scratch GeLU 64 314B 78.5B

Table 4: Additional information of chosen models.
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Figure 6: Projection of expert matrices in 2D space. Each layer contains three graphs, corresponding to Wy, Wi, and Waown,
respectively. For DeepSeek, the indices of the removed outliers are listed on top of each graph.
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Figure 7: Projection of expert neurons in 2D/3D space. Each layer contains three graphs, corresponding to Wyp, Wae, and
Wown, respectively.



the similarities of W, significantly increase.
Mixtral and Mistral. The dark crosses sometimes
disappear. In the figures for W, the similarities
between the experts and the Mistral FEN are of-
ten lower than the similarities among the experts
themselves (i.e., See > Sef), Which is contrary to
previous observations. This can happen if the ex-
pert neurons in different positions are alike. For in-
stance, given three vectors f = (0,0), e; = (1,0),
and ea = (0, 1), the vector similarity Se, ., is lower
than S, ¢ and S, ;. If averaging the elements, we
have f = (0), & = (0.5), and &2 = (0.5), then
Se, e, becomes the highest.

DeepSeek. The growth of the W, similarity val-
ues is directly proportional to the layer depth.
Gork. In the heat map of W), dark crosses fre-
quently appear in various positions.

E Gate Embedding

Since the gate embedding matrix W, determines
the gate decision, there may be a relationship be-
tween W, and the experts. To investigate this, we
measure the similarities between the gate embed-
ding vectors, Wy ([n, :] for n € [1, N], and compare
them with the neuron-level averaging heat maps
of experts presented in § 4.1.2. The qualitative
analysis of the combined graphs shown in Fig. 8
is detailed in this section. The table containing the
R values for each layer (Tab. 5) is appended at the
end.

Mixtral. Focusing on the heat maps of W, the
similarities typically range from 0.2 to 0.4, with a
noticeable increase in the last layer. Moreover, dark
crosses are rarely found. Surprisingly, the patterns
in the heat maps of W, and of expert neurons in
Wt are partially alike in some layers. This implies
that the way a gate selects experts might be relevant
to how an expert activates its neurons.

DeepSeek. Unlike the almost all-zero heat maps
of Wyp and Wown, the similarities of gate neurons
sometimes exceed 0.4. In addition, the heat maps
of Wy and Wy show similar patterns. However,
the overall similarities of W, decrease with depth
while the similarities of Wy gradually grow. This
indicates that as the layer depth increases, the gate
“looks” at the input feature in more diverse ways
when assigning scores to different experts, even as
the neuron activations of the experts become more
similar.

Grok. Both dark and bright crosses commonly
exist in the heat maps of W,, whose patterns are

Layer Mixtral Mixtral-22 DeepSeek Grok
0 0.82 -0.01 - 089
1 -0.44 0.23 0.75 -0.10
2 0.26 0.62 0.78 -0.28
3 0.54 0.76 0.71 0.66
4 0.48 0.47 077  0.52
5 0.70 0.49 0.77 0.37
6 0.84 0.28 0.69  0.28
7 0.74 0.69 0.73 0.17
8 0.42 0.66 0.66  0.51
9 0.66 0.84 0.66  0.84
10 0.53 0.59 0.63  0.28
11 0.32 0.61 0.60  0.30
12 0.14 0.55 054  0.46
13 0.51 0.48 0.60 0.14
14 0.66 0.62 0.56  0.00
15 0.40 0.59 058  0.54
16 0.39 0.68 053  0.32
17 0.53 0.65 055  0.30
18 0.35 0.66 0.57  0.10
19 0.17 0.72 0.57 -0.17

20 0.51 0.77 058  0.24
21 0.63 0.67 0.62  0.58
22 0.36 0.65 0.62  0.46
23 0.51 0.35 062 0.14
24 0.48 0.30 0.68  0.10
25 0.66 0.13 0.62  0.00
26 0.81 0.27 0.58 -0.10
27 0.63 0.22 046 -0.26
28 0.73 0.38 - -0.66
29 0.75 0.52 - -041
30 0.84 0.38 - -0.83
31 0.57 0.45 - -0.76
32 0.37 - -0.24
33 0.28 - -0.53
34 - 0.72 - -0.46
35 0.69 - 014
36 - 0.34 - 0.17
37 0.46 - -0.46
38 - 0.31 - -0.17
39 0.26 - -0.26
40 - 0.48 - -0.70
41 --- 0.41 - 0.17
42 - 0.46 - 0.00
43 0.33 - -0.17
44 - 0.44 - -0.22
45 0.50 - 014
46 --- 0.43 - =047
47 0.34 - -0.44
48 0.50 - -0.17
49 0.42 - -0.14
50 0.43 - 017
51 0.51 - 022
52 0.67 --0.10
53 0.32 - 033
54 0.68 - -0.24
55 0.20 - =057
56 - - - -0.24
57 --- - =037
58 --- - 0.00
59 --- - -0.69
60 - - - -0.17
61 --- - 035
62 --- -- 030
63 --- - 010

Table 5: Pearson correlation coefficients (R) of the paired
dataset (X, Yict).
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Figure 8: Similarity heat maps of gate embedding (leftmost graph of each layer) along with the neuron-level similarity heat
maps using averaging method. The tick numbers refer to the expert indices.



similar to those of W,. Specially, their patterns
show opposite color tendency (i.e., deep color po-
sitions in one heat map becomes light color in an-
other) starting form the intermediate layers. The
similarities of W, decrease when the layer depth
increases, except for the last few layers.

F Additional Datasets

To ensure the universality of our findings, we repeat
the experiments that require the long input (§ 5.1,
§ 5.2) using additional datasets. Specifically, we
utilize the entire test set of WikiText-103 (Merity
et al., 2016) (266K tokens) and of a math dataset
GSMBS8K (Cobbe et al., 2021) (84K tokens), and
1000 sequences from the code dataset Magicoder-
Evol-Instruct-110K (Wei et al., 2024b) (188K to-
kens). As shown in Fig. 9, 11, 13, the new figures
of Mixtral and DeepSeek align with the previous
results illustrated in the main context, even when
using datasets of specific subjects like math and
code (we did not test on the Grok model due to lim-
ited computation resources). These supplementary
results demonstrate that our findings are general
and not limited to the initial input sources.

G Norms of Expert Outputs and Gate
Scores

In § 5.2, we notice that in some MoE models, the
two experts chosen by the gate usually produce
feature vectors with the highest norms. To further
investigate this, we repeat the experiment using the
long input and additional datasets, and the statisti-
cal results are shown in Fig. 10, 11, 13.

Mixtral. It is evident that the expert which outputs
the largest norm is most frequently assigned the
highest score. Surprisingly, for every i, the i-th
highest score is most likely assigned to the expert
with the ¢-th highest output.

DeepSeek. For the experts that generate the first
few largest norms (rank 60 to 64™), they are most
likely to receive the highest scores. But we do not
observe a similar relationship for the rest of the
experts. On the contrary, the gate assigns relatively
high scores more frequently than low scores to the
experts with the smallest norms. For experts ranked
49™ to 59 in terms of output norms, they tend to
receive either low scores or high scores.

Grok. In contrast to the previous models, the out-
put norms of the Grok experts tend to have an in-
verse relationship with the scores. More generally,
the experts with the first few highest outputs are fre-

quently assigned either low scores or high scores.
One possible explanation could be the relatively
low activation ratios of GeLU (see Append H),
which may result in a weaker dependence on the
norm for gate decisions.

H Intermediate States of Experts

While § 5.1 focused on the final outputs of ex-
perts, we continue our analysis here by examin-
ing their intermediate outputs to examine the inner
states of the experts. Given an input z, the inter-
mediate state of an expert refers to the output of
o(Wae) € R%id | where o denotes an activation
function. These intermediate vectors control the
activation of neurons, so we simply record them for
analysis with the short input used. Mixtral, Mistral,
and DeepSeek utilize SiL.U as the activation func-
tion, while Grok adopts GeL.U. Fig. 12 depicts the
magnitude of the vectors for Mixtral across three
tokens.

Common. Each figure contains some horizontal
lines, indicating the presence of an “outlier” expert
with either the highest or lowest activation values.
Nonetheless, there is no clear relationship between
these phenomena and the gate decisions.

Mixtral and Mistral. For a single token, we found
that, on average, the absolute activation value of
99.6% elements in each expert exceeds 0.001 after
applying the SiLLU activation function. This high
ratio indicates that the vast majority of neurons
in an expert are activated. In Fig. 12, some verti-
cal lines across all experts are commonly found,
meaning that the W, matrices of different experts
assign similar activation values to neurons with the
same indices. In addition, the magnitude of the
intermediate states grows along with layer depth,
which aligns with the observation in § 5.1.
DeepSeek. On average, 99.7% of the neurons in
each expert have an absolute activation value ex-
ceeding 0.001 after applying SiL.U. Vertical lines
rarely exist in the DeepSeek model. Similarly, the
elements in the intermediate state vectors get larger
as the layer goes deeper.

Grok. With GeLU as the activation function, only
25.3% neurons per Grok expert attain an absolute
activation value greater than 0.001. The activation
values are generally smaller than those in Mixtral
and DeepSeek. Li et al. (2022); Song et al. (2024a)
suggest such difference largely stems from the dis-
tinct activation functions used. Interestingly, Song
et al. (2024b) further utilize the sparsity in experts
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non-MoE layer idx PPL | Benchavg{ HellaSwag MMLU GSMS8K CEval
none 8.51 39.84 61.75 41.14 13.42 43.04

1 8.50 39.42 61.88 40.55 11.83 43.41

6 8.49 38.55 62.17 39.28 12.96 39.78

12 8.51 38.21 61.46 40.24 10.54 40.61

18 8.59 37.99 61.73 39.50 11.68 39.03

24 8.58 38.94 61.33 40.45 12.05 4191

Table 6: Model performance on various benchmarks for the dynamic expert numbers experiment. “Bench avg” refers to the

average performance over the four evaluated benchmarks.

num_layers 24
vocab_size 151936
hidden_size 1024
head_dim 64
q_head 16
kv_head 4
moe_hidden_dim 640
num_shared_expert 4
num_routed_expert 64
topk 4

Table 7: Model architecture for the dynamic expert numbers
experiment.

within SMoE to achieve SOTA performance when
activating the same number of parameters.

I Chosen Experts

This experiment aims to examine the routing pat-
terns. We feed an input prompt with about 64
tokens into the MoE models and record the gate
scores (after applying softmax) for the selected ex-
perts for each token. In addition to the base model
of Mixtral (Mixtral-Base), we also include its in-
struct version (Mixtral-Instruct) in this experiment.
The results are depicted in Fig. 14.

Mixtral. In Mixtral-Base, the experts are selected
fairly evenly across tokens, and it is common to see
sequences of more than four tokens routed to the
same expert. But the “special expert” with the dark

cross in previous similarity graphs turns out to be
an exception. These special experts are chosen less
frequently and tend to receive relatively low scores.
The routing pattern of Mixtral-Instruct is largely
identical to that of Mixtral-Base, which indicates
fine-tuning has little impact on gate decisions.
DeepSeek. In some layers, there is an expert se-
lected by most tokens. However, no distinct char-
acteristics for these experts are observed in the
previous similarity heat maps. Note that the gate
scores for DeepSeek are typically lower than those
for Mixtral because DeepSeek applies softmax be-
fore the top-k operation, while Mixtral adopts the
reverse way.

Grok. The expert selection is rather even and some
relatively high scores exist in the deeper (>30™) lay-
ers. Same as DeepSeek, softmax is applied before
the top-k operation for Grok.
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Figure 14

Only scores of the top k experts are illustrated.
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