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• Traditional symmetric federated architectures are difficult to
deploy large models on resource-constrained devices.

• Existing federated MoE methods (e.g., FedMix/FedJETs)
suffer from low aggregation efficiency and performance under
Non-IID data due to static aggregation strategies.
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The training of Fed-MoE is divided into three stages (Stage-
A to Stage-C), completing a round of federated learning 
iterations, as shown in Figure 2.

 Stage-A: Local client training and uploading
The server aggregates models from 𝑚𝑚 randomly selected client
as a federation denoted as 𝛭𝛭 = {𝛭𝛭1,𝛭𝛭2, … ,𝛭𝛭𝑚𝑚−1,𝛭𝛭𝑚𝑚. }.
 Stage-B: Server experts and gate update
Stage-B iteratively updates server experts 𝛦𝛦 and gate 𝐺𝐺 for 𝑇𝑇
iterations, which we decompose as the following steps.

 Stage-C: Client experts synchronization
Using the updated gating module 𝐺𝐺 and the client response 𝑃𝑃𝑦𝑦,
build the extended correlation matrix. Normalize it column-wise
to derive the updated server-client correlation matrix 𝑊𝑊𝑐𝑐. Then,
we use moving average to update the client model.

𝑀𝑀 ← 𝜆𝜆 · 𝑀𝑀 + (1 − 𝜆𝜆) · (𝑊𝑊𝑐𝑐)𝑇𝑇· 𝐸𝐸

 Fed-MoE Results

In all datasets, Fed-MoE demonstrates significant advantages. In
extreme Non-IID (e.g. only 375 samples per client side in
CIFAR-10), Fed-MoE can still maintain stable performance,
while other methods experience significant fluctuations due to
the failure of the parameter averaging strategy.
 Ablation
• Multi-task training procedures.

loss and client synchronization (Sync) in multi-task training,
finding that combining both Gent and Sync yields significant
gains (8.0% and 4.2%). GEnt encourages server experts to
specialize in tasks, while Sync unifies the data space across
clients, enhancing effectiveness, especially for Non-IID data.
• Weight of Gating Entropy.

As shown in Table 5 and Fig. 3, 𝛽𝛽 = 10−3 achieves a balance
between specificity and versatility, distributing the gating more
evenly across multiple experts while still maintaining strong
accuracy.
• Communication costs, training and inference efficiency

Table 1 shows Fed-MoE's communication cost; Table 3 and 8
respectively demonstrate the effects of the number of routed and
main experts on model performance; Table 6 reveals the impact
of the number of activated experts on model inference. Results
indicate Fed-MoE excels in communication cost, balancing
training and inference efficiency with performance.

• Server reserved data

• We propose Fed-MoE, an efficient asymmetric FL scheme to
build a large server-side MoE from client experts.

• We introduce dynamic expert scheduling and collaborative
optimization (main + routed experts), with gating entropy
regularization to enhance expert differentiation efficiency.

• Ablation studies demonstrate improved convergence and
communication performance, highlighting the scheme's
effectiveness.

The Table 4 evaluates the
proposed gating entropy (GEnt)

• Step-0: Probe client experts'
responses

For all client expert models,
extract the confidence 𝑃𝑃𝑦𝑦
corresponding to the true class.

• Step-1: Get server gating
responses

Repeat Step-1 to Step-4 for 𝑇𝑇
inner - loop iterations. At 𝑡𝑡-th
iteration, we get the activation
prob from the gating module.
distribution as:

𝑄𝑄 ← 𝐺𝐺 𝑋𝑋 ∈ ℝ𝑘𝑘×1

• Step-2: Get server-client
correlation

The outer product of 𝑄𝑄 and 𝑃𝑃𝑦𝑦
is a correlation matrix:

𝑊𝑊 ← 𝑄𝑄 × 𝑃𝑃𝑦𝑦𝑇𝑇 ∈ ℝ𝑘𝑘×𝑚𝑚

We subsequently apply a row-
wise softmax operation to
normalize the correlation
matrix to get 𝑊𝑊𝑟𝑟.

• Step-3: Update server experts
with moving FedAvg

Update server experts using the
moving average strategy:

𝑬𝑬𝟎𝟎𝒕𝒕+𝟏𝟏 ← 𝟏𝟏 − 𝝀𝝀 · 𝑬𝑬𝟎𝟎𝒕𝒕+𝟏𝟏 + 𝝀𝝀 · �𝑴𝑴,

𝑬𝑬𝒊𝒊𝒕𝒕+𝟏𝟏 ← 𝟏𝟏 − 𝝀𝝀 · 𝑬𝑬𝒊𝒊𝒕𝒕+𝟏𝟏 + 𝝀𝝀 · 𝑾𝑾𝒓𝒓 · 𝑴𝑴,∀𝒊𝒊 ≥ 𝟏𝟏,

The 𝜆𝜆 ∈ (0,1) controls the
moving-average rate. We use
simple averaging for �𝑀𝑀 with
�𝑀𝑀 = 1

𝑚𝑚
∑𝑖𝑖=1𝑚𝑚 𝛭𝛭𝑖𝑖 . The term �𝑀𝑀

assigns relevant client
parameters weighted by
correlation 𝑊𝑊𝑟𝑟 and adds up to
server weights.

• Step-4: Update server gating
module

We design the cross-entropy task
loss with gating entropy
regularization, outlined as follows:

𝐿𝐿𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 𝐺𝐺, 𝑎𝑎 = 𝐿𝐿𝐺𝐺𝑐𝑐𝑐𝑐 + 𝛽𝛽 · 𝐿𝐿𝐺𝐺ent

𝐿𝐿𝐺𝐺𝑒𝑒𝑒𝑒𝑒𝑒 = 𝐸𝐸𝑋𝑋 𝐻𝐻 𝑄𝑄𝑋𝑋

= −1/|𝐷𝐷| �
𝑋𝑋∈𝐷𝐷

�
𝑘𝑘=1
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𝑄𝑄𝑋𝑋 𝑘𝑘 · 𝑙𝑙𝑙𝑙𝑙𝑙𝑄𝑄𝑋𝑋[𝑘𝑘]

Fig. 4 shows an accuracy gap of
about 2-3% between IID and
Non-IID scenarios for both Fed-
MoE and FedMix. However,
Fed-MoE showed a slight
advantage than FedMix in AUC
metrics on both datasets.

Fed-MoE: An asymmetric
federated framework in
which the server level is a
large MoE (composed of
main experts and routted
experts), and the client side
is a single expert model.
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