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Abstract— In this paper, we propose a federated extreme learning 
machine system (Fed-ELMS) to meet the demand for federated 
learning scenarios. In the scenario of federated learning, data is 
kept on edge devices to preserve the privacy of data, while 
metadata, such as model parameters, are exchanged between a 
centralized cloud server and edge devices. Despite non
independent and identically distributed (non-HD) and imbalanced 
data across edge devices, we show that Fed-ELMS can still achieve 
comparable performance with only 3.3% accuracy loss compared 
to a centralized ELM trained with IID and balanced data. 
Moreover, by quantizing input weights and biases, parameters of 
a model and transmission power consumption between cloud and 
edge are dramatically reduced. Compared with conventional 
neural networks (NNs) with the same transmission cost, the 
proposed Fed-ELMS outperforms FederatedAveraging NN (Fed- 
NN) by 2.3% accuracy and the fine-tuning process is 7%-33% less 
time-consuming. Therefore, the proposed Fed-ELMS is a 
promising system for edge devices to support the future trend of 
federated learning.

Index Terms—Federated learning, online sequential extreme 
learning machine

I. Int r oduc t ion

In the mobile era, much data is generated from edge devices 
and uploaded to cloud to be further analyzed. As shown in Fig. 1 
(a), cloud will train a model with those data and transfers the 
well-trained model to each edge device for inference usage. 
However, transmitting raw data to the cloud poses a serious 
privacy issue for users. To preserve users� privacy, we search 
for a solution to build a prediction model without using raw data 
from edge devices.

Recently, federated learning [1] has been proposed by 
Google to preserve users� privacy by training models on edge 
devices. As shown in Fig. 1(b), a global model is initialized on 
a centralized cloud server and distributed to edge devices. 
Models on each edge device will be updated with local data. 
Some metadata, such as updated model parameters, are 
transmitted to the centralized cloud server, and then used to 
update the global model. After the cloud server finishes 
updating, the updated global model parameters are sent back to 
each edge device for inference usage. With federated learning, 
we update models on edge devices and adjust the global model 
on a cloud server with metadata sending from each edge device 
instead of users� privacy-related raw data.

However, updating a model on an edge device faces some 
challenges. First, data across each edge device are unbalanced 
and have the property of non-independent and identically 
distributed (non-IID) [2], which leads to high variance between 
these local models. Second, considering the limited 
computation resources and power on edge devices, model
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Fig. 1. Overview of (a) traditional training, and (b) federated learning between 
the cloud and the edge. The red line implies the information sent to cloud, and 
the blue line implies the information sent to edge.

complexity needs to be reduced. Last, the speed of retraining or 
fine-tuning is required to be fast to reduce the impact of user 
experience.

Google has proposed a FederatedAveraging algorithm [3], 
which averages parameters of NN of each edge device to 
improve a global model. It has been proved that by training NNs 
with FederatedAveraging algorithm, the global model can learn 
from non-IID and imbalanced local data. However, stochastic 
gradient descent (SGD) and back propagation (BP) adjust 
weights iteratively resulting in high computation power. 
Consequently, it is difficult to realize in resource-limited edge 
devices.

To solve the issues above, we take advantage of extreme 
learning machine (ELM) algorithm, a single layer feedforward 
neural network (SLFN) proposed by Huang et al. [4], as shown 
in Fig. 2. Instead of iteratively tuning each parameter by 
gradient-based algorithms, input weights and hidden biases of 
ELM are randomly generated and output weights of ELM are 
calculated directly by Moore-Penrose pseudo inverse. To 
update ELM sequentially, online sequential ELM (OS-ELM) [5] 
is proposed to extend the functionality of ELM. Moreover, 
small size and high-efficiency ELM engines are proposed 
recently [6], [7]. Therefore, ELM has extremely high training 
speed, great generalization performance, and efficient 
computation, which is perfectly suitable for edge devices.

Although many improved ELM research works are proposed 
recently [6], [7], [8], most of them are evaluated in a balanced
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and IID dataset, which cannot meet the demand for a federated 
learning scenario. In this paper, we propose a federated ELM 
system (Fed-ELMS) for edge devices to support the future trend 
of federated learning. Our main contributions are as follows:
1) Showing the compatibility o f ELM in federated learning: 
Inspired by FederatedAveraging [3] and OS-ELM [5], we 
design different ELM mechanisms for the centralized server 
and edge devices to form Fed-ELMS. By cooperating between 
a global ELM model and local ELM models, we show that Fed- 
ELMS trained with imbalanced and non-IID data has 
comparable performance as a centralized ELM trained with 
balanced and IID data.
2) Good generalization performance and faster updating 
speed compared to NNs:
In federated learning applications, grid searching for 
hyperparameters on edge device data is difficult. Compared 
with NN, Fed-ELMS has fewer hyperparameters, which has 
better generalization performance. With the same transmission 
cost, the experiment shows that Fed-ELMS outperforms Fed- 
NN by 2.3% accuracy and consumes 7%-33% less updating 
time.

hidden layer

Fig. 2. Structure of a single extreme learning machine.

random initialization. Otherwise, the obtained global model 
will not reach the lowest loss over whole training data.
B. Extreme Learning Machine (ELM)

The structure of extreme learning machine is shown in Fig. 
2. Given input dataset X = {(*£, t;)}̂  1; where x t G R1XD is 
the input data vector, G IRlxM is the target vector with 
dimension M and N is the size of input dataset. Outputs of an 
ELM of can be denoted as

°i  =  £)=idiftj- bj,xJPj, i=l,...,N, (3)
II. Backgr ound and Rel at ed Wor ks 

A. FederatedAveraging Algorithm [3]

Mcmahan et al. have proposed FederatedAveraging 
algorithm aiming at training neural networks on edge devices 
and aggregating them into a global model on cloud in a 
synchronized manner. Additional hyperparameters need to be 
set beforehand to decide the behavior of local clients and a 
centralized server. Assumed that there are K clients, C is the 
fraction of chosen client in each round, E is the number of 
epochs, and B is the minibatch size for local clients. The 
following is the process of federated learning between a server 
and clients.

In the beginning, a server and clients initialize models, 
respectively. In every round, the server will choose maxflC X 
K\, 1) clients to receive parameters of the global model. 
Afterward, the clients split the local dataset X into batches of 
size B. For each epoch from 1 to E, the clients train their local

IKImodel using — batches. In FederatedAveraging algorithm, 
stochastic gradient descent (SGD) is used to update the local 
model as shown in the following formula

w w — r)Vl(w, Ks), (1)
where w is weights of the local model, 77 is a learning rate, Z(-) 
is a loss function, and Hb is the batch data.

After client k updates its local weight wfc, wfc is sent back to 
the server to be used in the global aggregation. The server will 
update the global model as

w«-Zj^lCxni)7*wk, (2)
where Nk is the number of data used in client k, and N is the 
total number of data used in all clients. After updating the global 
model, the server will start a new round.

It is worth mentioning that FederatedAveraging suggests 
parameters of every local model should start from the same

where a,- and bj are randomly assigned input weights and 
biases of hidden layers, g(f) is an activation function, L is the 
number of hidden nodes, and Pj is an output weight vector 
which connects the hidden node j  to the output layer. The 
equation (3) can be presented as a matrix form

0 = HP,

where H G M.NXL is a matrix of hidden layer output 
r0(*i-“i+&i) -  0(*i -“l + &l )1

H =
Vg(xN  + bf) -  g(xN  aL + bL)

(4)

(5)

To solve the /? of equation (4), we can apply the least mean 
square solution

P = H*T = (6)
where denotes the Moore-Penrose generalized inverse of 
matrix H and T is the matrix form of all the target vector t*.

Compared with other machine learning engines, several 
ELM engines are proposed recently [6], [7] and show 
competitive area- and energy-efficiency. Both of them are also 
reconfigurable to support different tasks and different ELM 
architectures. Therefore, ELM engine is suitable for 
implementation on edge devices.

III. Pr oposed Feder at ed Ext r eme Lear ning  Machine 
Syst em

To leverage the fast training speed of ELM in federated 
learning, we propose a federated extreme learning machine 
system (Fed-ELMS). As shown in Fig. 3, Fed-ELMS can be 
divided into two parts, centralized ELM server and local ELM 
on edge devices.

In the beginning, some hyperparameters need to be 
determined, such as the number of clients K, the fraction C of 
chosen clients, the input dimension D, the number of hidden 
nodes L, and the output dimension M. After deciding all the
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Centralized Server

Fig. 3. Structure of federated extreme learning machine system 
(Fed-ELMS).

hyperparameters, the server will randomly initialize input 
weights a.j and biases bj for a global ELM model. Initial output 
weight p 0 and initial meta weight P0 are calculated with an 
initial batch of data K0 = {(xt, £()}t̂ i

p 0 = P0H lT 0, (7)

P0 = (HT0H0y \  (8)
where H0 is the hidden layer output matrix of N0. It's worth 
mentioning that the size of the initial batch of data N0 needs to 
follow the constraint:

N0 >L ,N0 EN. (9)

A. Centralized ELM Server

At the beginning of every round, the centralized server 
chooses maxflC X K\, 1) clients. Chosen edge devices will 
receive the output weight /? and the meta weight P of the global 
ELM model. After each edge device updates its local model, the 
global server will collect updated output weights, meta weighs 
and the number of data used in each chosen edge device. The 
parameters of the global ELM model in the centralized server 
are updated as the following formula

a  . y im ax([C X /fJ ,l)______ Njc______ n k
P ^ k = 1 v max(LCxjrJ,l) „  P ’

Lk=1 Nk
(10)

p  y  maxflC xK J,l) Nk k  m )
r  £ ‘k = 1 v max([CxXj,l) r  ’ K '

^k=l "k
where p k and Pk are output weights and meta weights from the 
k th edge device. Nk is the number of data used in the k th edge 
device.

The centralized server will evaluate the updated global model 
on test data and report its performance. After storing the 
updated parameters, the centralized server will start a new 
round to update the global model.

B. Local ELM on Edge Devices

In each edge device, there is local ELM model and a local 
buffer to store upcoming data and parameters of the model. It 
will wait until the centralized server sends parameters of the 
global ELM model. After receiving the parameters /? and P 
from the centralized server, the edge device will start to update 
its local ELM model by using the received parameters and local 
data.

Inspired by OS-ELM [5], we apply the online sequential 
phase of OS-ELM to the updating phase of Fed-ELMS. If there
exists a batch of data Nfc = {(Xj, ti)}JLi > where Nk is the 
number of local data, the edge device will update the parameters 
Pk and Pk by

Pk = P -  PHT (I + HPHt ) 1HP, (12)

Pk = P + PkHT(T -  HP), (13)
where H is the hidden layer output matrix of Nkand T is the 
matrix form of all the target vector t t. After updating the local 
ELM, the edge device will upload the updated parameters p k, 
Pk, and the number of data Nk to the centralized server to be 
used in updating the global model. Finally, the edge device can 
discard the used local data, and starts to accumulate new labeled 
data for the upcoming round.

IV. Exper iment  Resul t s

A. Datasets and Partitioning Method fo r Federated Learning 
Scenarios

In this paper, we choose MNIST handwritten digit 
classification dataset [9] to show the capability of Fed-ELMS. 
To simulate a federated learning scenario, we partition training 
data into two parts: the initial data for a centralized server and 
non-IID data for each client. For the initial data, we choose 120 
images in each class, which are 1200 images in total. For the 
non-IID data, we randomly pick two classes and choose 500 
images from each class. To lower training time and reduce the 
number of hidden neurons, we decrease the dimension of an 
input image by applying principle component analysis (PCA) 
on it and reserving 90% data variance. Therefore, the input 
dimension of an image reduced from 768 to 87.

The experiment and simulation are conducted with python3.6 
on a 3.2GHz Intel(R) Core(TM) i7-8700 processor with 32 GB 
memory. We evaluate the performance of each model by using 
accuracy on the testing set of MNIST. In the following 
experiment, we first show the capability of Fed-ELMS in 
federated learning compared to a single ELM setting in cloud 
learning. Afterward, we compare Fed-ELMS to 
FederatedAveraging NN (Fed-NN) considering the same 
transmission cost of delivering metadata.
B. Experiment o f Fed-ELMS on MNIST

To test the capability of Fed-ELMS in federated learning, we 
design two experiments, including comparing different 
updating frequencies and comparing performance to centralized 
trained ELM.

In the first experiment, different updating times through the 
whole local data are applied. The more the updating times, the 
fewer data used in each round. In Fig. 4, we can observe that
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FederatodELM: Different Update Frequency
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Fig. 4. Accuracy of different updating frequency on MNIST testing set. Fig. 6. Accuracy of Fed-ELMS versus Fed-NN on MNIST testing set.
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Fig. 5. Accuracy of single ELM versus Fed-ELMS on MNIST testing set. 
different updating times do not have a large impact on accuracy. 
Moreover, frequent updating increases the cost of transmission 
between the server and clients. Therefore, compared to the 
updating frequency, the number of hidden nodes is more 
important.

In the second experiment, we compare the centralized ELM 
to Fed-ELMS. The centralized ELM is trained on the whole 
balanced and IID data. In Fig. 5, we can observe that when the 
number of hidden node increases, the difference of accuracy 
between centralized ELM and Fed-ELMS also increases with 
the maximum gap 3.3%. We surmise that training a large ELM 
well is more difficult in a federated learning scenario due to the 
different characteristics of data across edge devices. However, 
we also show that Fed-ELMS can be well trained in federated 
learning with only slightly degraded accuracy.
C. Experiment o f Comparing Fed-ELMS to Fed-NN

In this experiment, Fed-ELMS and Fed-NN are both 
executed on CPU and we calculated the elapsed time of both 
training processes, respectively. The accuracy of each model is 
evaluated using test set of MNIST after iterating through all 
local data.

In federated learning, communication cost is a major concern 
[10]. To do a fair comparison between Fed-ELMS and Fed-NN, 
we assume the cost of transmitting metadata between the server 
and the client is the same every round. That is, the number of 
parameters sent by Fed-ELMS and by Fed-NN is the same. 
According to [7], the a7- and bj of Fed-ELMS can be binary 
numbers, which can be implemented in hardware by using a 
linear feedback shift register (LFSR). Besides, g(-) is ReLU 
function, and the bit-width of output weights is designed to be 
8-bit. For Fed-NN, the bit-width of input and output weights are

TABLEI
Accur acy and Updat ing Time of  Fed-ELMS and Fed-NN

Fed-ELMS Fed-NN
L e l m Accuracy Time(s) L n n Accuracy Time(s)
50 74.4% 1.72 14 83.5% 2.57
100 83.6% 2.58 35 86.2% 2.91
200 88.6% 3.51 95 87.6% 3.76
500 92.1% 7.48 430 89.2% 10.50
1000 92.6% 25.34 1504 90.0% 27.30

designed to be 8-bit as well. Therefore, given the number of 
hidden neurons in Fed-ELMS, the number of hidden neurons in 
Fed-NN can be calculated as follows

Lel m2 + (.D + 8 X M) X Lel m /i
= 8 X (D + M) X Lnn, v ’

where D is 87, M is 10, Lel m is the hidden neuron number of 
ELM, and LNN is the hidden neuron number of NN. The rest of 
the hyperparameters of NN are set based on the initial batch 
data as follows: B is 10, E is 5, the activation function is ReLU 
function, the learning rate is 0.01, and the momentum of SGD 
is 0.5.

As shown in Fig. 6, as the number of hidden neurons 
increases, the accuracy of Fed-ELMS surpasses Fed-NN by 
2.3%. Because hyperparameters are set based on the initial 
batch data, it may not be an optimal choice to fit non-IID data. 
Non-optimal hyperparameters may cause underfitting or 
overfitting to the local data. Fed-ELMS with fewer 
hyperparameters may achieve higher accuracy, since it is less 
likely to overfit or underfit the local data than Fed-NN does. In 
Table 1, Fed-ELMS consumes 7%-33% less updating time 
compared with Fed-NN in different L. Considering the faster 
learning speed and fewer tuned hyperparameters, Fed-ELMS is 
more suitable for edge devices to support the applications of 
federated learning.

V. Conc l usion

In this work, we propose a federated extreme learning 
machine system (Fed-ELMS). To our best knowledge, Fed- 
ELMS is the first work that applies ELM in a federated learning 
scenario. Compared with popular federated neural networks 
(Fed-NN), Fed-ELMS shows better generalization performance 
and faster updating speeds. Moreover, with input weight and 
bias quantization in Fed-ELMS, the parameters of models and 
transmission cost between cloud and edge are highly reduced. 
We suggest Fed-ELMS is a suitable system for edge devices to 
support the future trend of federated learning.
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