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Abstract. Federated learning methods typically learn models from the
local iterative updates of a large number of clients. The interest in the
impact of client quantity on the training dynamics of federated learning
algorithms has been growing in recent years. Increasing the client scale
during the training process not only improves data parallelism efficiency
but also accelerates the training of federated learning. When optimizing
models using a large number of clients, the learning rate needs to adapt
to the client scale and the aggregation of updates in order to maximize
speed while maintaining model quality. However, the current approach
mainly relies on empirically-derived linear learning rate scaling rules,
which cannot adapt to the dynamic client scale in federated learning. In
this regard, we propose ASNES, an algorithm that dynamically adapts
to the client scale in federated learning. By continuously adapting to the
client quantity and aggregation of updates, ASNES achieves acceleration
for different client scales. In experimental evaluations, ASNES demon-
strates favorable performance compared to other benchmark algorithms.

Keywords: Adaptive optimization · Federated learning · Large batch
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1 Introduction

With the proliferation and popularization of smartphones, drones, and Internet-
of-Things devices, the amount of data generated at the network edge is under-
going explosive growth [12]. Traditional centralized learning faces insurmount-
able challenges in terms of communication, computation, and storage, making
it unable to meet the requirements of edge computing. To facilitate large-scale
machine learning in edge computing environment, a new paradigm named fed-
erated learning [7,11] has proposed to allow distributed devices collaboratively
train model without exposing their raw data. In federated learning, the partic-
ipating devices do not send their local data to a central server for centralized
training. Instead, the device perform multiple local updates using stochastic
gradient descent and then send their local model update results to the server.
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In federated learning, there are a large number of client nodes participating in
model training, resulting in a significant amount of data being processed during
each iteration. To enhance the efficiency of data parallel training, there has
been increasing attention on combining large-batch optimization with federated
learning [1,2,15]. These efforts involve adapting the batch size during the training
process to reduce the training time in federated learning. Furthermore, [8,17,
18] accelerates the model training speed in scenarios with large batch sizes by
adjusting the learning rate. While these efforts have demonstrated the feasibility
of adjusting batch sizes to reduce training time in federated learning, they have
not explored the impact of large-batch training on model convergence when the
client scale dynamically changes in federated learning.

Although some research exploring large scale federated learning, there are
still some issues that need to be addressed in order to further improve its per-
formance. In this paper, we propose a algorithm for federated learning, called
Adaptive Scale Nesterov (ASNES) algorithm. ASNES make large-batch train-
ing significantly more userfriendly in federated learning. Without changing the
learning rate, ASNES can adapt to vastly different scale with large speed-up and
near-identical model quality. Experimental results are presented on the Fashione-
MNIST and CIFAR-10 dataset to demonstrate the effectiveness of proposed
ASNES algorithm.

2 Related Work

As the demand of locally data storing and training models at edge devices, Fed-
erated Learning rapidly attracts growing interest in recent years. One prominent
characteristic of federated learning is that only a subset of clients participate in
training during each iteration due to system limitations. In the FedAvg [11] algo-
rithm, during each communication round, the server broadcasts the global model
to the currently available clients. These clients then use their local datasets to
update the model and send their model updates back to the server. With a
larger number of clients, there is a greater likelihood of diverse data samples
being included in the training process, which can help reduce data bias and
improve convergence [5,13,16].

When we increase the scale of clients after a certain point, the convergence
accuracy of algorithm becomes significantly lower than the baseline. [6] con-
cluded that there is a generalization problem for large-batch training. It means
that even the large batch can get a low training loss, the test loss will be still
significant higher than the training loss. For small batch, the training loss and
test loss are close to each other. [8] empirically found that simply scaling the
learning rate linearly with respect to batch size works better up to certain batch
sizes. To avoid optimization instability due to linear scaling of learning rate, [3]
proposed a highly hand-tuned learning rate which involves a warm-up strategy
that gradually increases the learning rate to a larger value and then switching to
the regular learning rate policy (e.g. exponential or polynomial decay). However,
empirical study [9,14] shows that learning rate scaling heuristics with batch size
do not hold across all problems or across all batch sizes.
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More recently, to reduce hand-tuning of hyperparameters, adaptive learn-
ing rates for large batch training garnered significant interests. Several recent
works successfully scaled the batch size to large values using adaptive learning
rate without degrading the performance, thereby, finishing ResNet-50 training
on ImageNet in few minutes. [18,19] adjust learning rate based on the ratio of
the parameter value and the gradients computed at each iteration. [10,17] con-
sider the gradient variance for learning rate scaling in large-batch training. The
gradient variance is a crucial factor to consider for reliably scaling large-batch
training. AdaScale [17], a state-of-the-art learning rate scaling method, estimates
the state of the traninig by using gradient variance and adaptively adjust learn-
ing rate depending on the variance of gradients computed by clients at each
iteration. For instance, it increases learning rate linearly in case of high gradient
variance, but rarely increases learning rate in case of low gradient variance. In
this way, AdaScale successfully achieved the higher accuracies that those of the
linear scaling method in various machine leaning tasks.

3 Preliminaries

We consider a federated learning system that consists of N clients and a single
server. client n has a local dataset Dn = {x, y} with Dn data samples, where x
and y denotes the data feature and the corresponding label, respectively. There-
fore, the total dataset in the system is D, which has D =

∑N
n=1 Dn data samples.

The server and clients coordinately minimize the empirical risk as

min
w∈Rd

f(w) :=
1
N

N∑

n=1

fn(w) (1)

where fn(w) = E(xi,yi)∼Dn
[fi(w;xi, yi)] is the loss function of the nth client. The

functions fn(w) may be nonconvex.
A common approach to solving (1) in federated settings is FedSGD [7,11].

In the t-th round of FedSGD, the server randomly selects a subset S from all
clients and broadcasts its global model wt to each selected client. These clients
independently update the model based on their local data. Typically, clients
utilize their local loss function to perform multiple rounds of stochastic gradient
descent (SGD). Let the updated local models be wn,1, wn,2, · · · , wn,k, so the
update of client n can be written as ∇n,t := wn,1 −wn,k, for n ∈ St. In any case,
each selected client then sends the update back to the server, where the global
update is computed by aggregating all the updates of selected client:

wk+1 = wk − ηt∇t,∇t :=
1

|St|
∑

n∈St

∇n,t (2)

where ηt represents the learning rate of the server during the t-th iteration.
In order to improve the efficiency of data parallelism training when we have

more computational clients, we need to increase the number of participating
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clients in the training process. Increasing the number of computational clients
while keeping the workload per client constant allows us to train models with a
larger batch size, thereby improving training efficiency. [18] uses different learn-
ing rate for different layers based on the norm of the parameters ‖w‖ and the
norm of the gradients ‖∇‖. [4] adjust the learning rate by tracking the variance
E[ 1

|S|
∑

n∈S ‖∇n,t‖2] and E[‖∇t‖2] between the local updates of clients and the
aggregated update on the server to adapt learning rate.

4 Algorithm

In this section, we will present out proposed ASNES algorithm. To accelerate
the training speed of the global model, common methods include more accurate
estimation of model update and more precise update using momentum. Our
proposed algorithm automatically adjusts the learning rate based on the number
of clients, enabling it to be applied to training with larger batch sizes.

By increasing the number of client nodes in federated learning, the variance
of the stochastic gradient decreases. As a result, we can perform larger update
operations, such as increasing the learning rate. This approach allows for more
aggressive updates, potentially leading to faster convergence of the global model.
In the ASNES algorithm, during the t-th iteration, the learning rate is adap-
tively adjusted based on the number of client |St| participating in training and
the variance of gradients ‖∇t‖. By observing the changes in the number of client
nodes and gradient variance, ASNES dynamically adjusts the learning rate to
effectively update the global model. Specifically, when more client nodes are
involved in training, ASNES increases the learning rate to facilitate faster con-
vergence of information between nodes. Conversely, when the gradient variance
is high, ASNES reduces the learning rate to avoid issues caused by overly large
updates that may lead to divergence. Through adaptive learning rate adjust-
ment, ASNES achieves a better balance between convergence speed and model
stability in distributed training.

At the beginning of each iteration t, a subset of clients St are required
to participate in the current training process. Each client calculates its local
updates ∇n,t and their variances ‖∇n,t‖2, and then sends them to the server.
This process allows the server to collect information from clients and make deci-
sions about adjusting the global model. By sharing the local updates and vari-
ances, the server can analyze the distribution of updates across the client nodes
and take appropriate actions, such as estimate the variance of local updates
σ2
t = 1

|St|−1

∑
n∈St

‖∇n,t‖2 − St

St−1‖∇t‖2 and the variance of global update
ν2
t = ‖∇t‖2 − 1

St
σ2
t . The adjustment of the learning rate can be summarized

as follows:

ηt =
σ2
t + ν2

t
1
St

σ2
t + ν2

t

. (3)

In addition to adjusting the learning rate, the server leverages momentum
to accelerate the global model updates. Nesterov momentum is an optimization



Federated Learning Optimization Algorithm Based on Dynamic Client Scale 113

technique commonly used in deep learning algorithms. It is an extension of the
standard momentum method that helps accelerate the convergence of gradient-
based optimization methods. In Nesterov momentum, the update of global model
parameters is adjusted based on the current momentum direction. Unlike simple
momentum, Nesterov momentum calculates a lookahead gradient that takes a
step forward in the direction of the accumulated momentum and then evaluates
the gradient at that position. This allows the algorithm to anticipate the future
direction of the gradient and make more intelligent updates to the model. Below
are the steps to describe how the server utilizes Nesterov momentum for updates
in federated learning:

uk+1 = βuk + ∇t (4a)
vk = βuk+1 + ∇t (4b)

wk+1 = wk − ηtvk (4c)

Combining the Nesterov momentum with adaptive scale learning rate, we pro-
posed ASNES algorithm is shown in Algorithm 1. By utilizing adaptive learn-
ing rate adjustment methods and Nesterov momentum in federated learning,
the server can effectively update the global model parameters while considering
both the client scale and the current momentum direction. This enables more
intelligent and efficient model updates to be achieved.

Algorithm 1. ASNES Algorithm
1: Initialize: the global model w0, the learning rate of server η0, the learning rate of

client η
2: for t = 1, · · · , T do
3: Sample subset St of clients
4: for each client n ∈ St in parallel do
5: wn,0 = wt

6: for k = 1, · · · K do
7: Sample a batch data (xn,k, yn,k)
8: Compute unbiased stochastic gradient: gn,k := ∇wn,kfn(wn,k; xn,k, yn,k)
9: wn,k+1 = wn,k − ηgn,k

10: end for
11: ∇n,t = wn,0 − wn,K

12: end for
13: ∇t := 1

|S|
∑

n∈S ∇n,t

14: Server update the learning rate ηt via (3)
15: Server update the global model wt via (4)
16: end for
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5 Experiments

5.1 Setup

Dataset and Model. We test the experiments on Fashion-MNIST dataset and
CIFAR-10 dataset. To simulate the data distribution of clients in federated learn-
ing, we tested two scenarios: independent and identically distributed (IID) and
non-independent and identically distributed (non-IID). In the IID scenario, the
dataset is shuffled and randomly divided among all clients. In the non-IID sce-
nario, the dataset is partitioned and assigned to different clients based on specific
categories, with each client holding only a subset of categories. For the Fashion-
MNIST dataset, we trained a LeNet model and evaluated its convergence and
performance through testing. For the CIFAR-10 dataset, we trained a ResNet-18
model and evaluated its convergence and performance through testing. In the
federated learning training, there are a total of 100 clients participating in the
global model training. To simulate the dynamic changes in the number of clients
in federated learning, the server randomly selects between 10 to 90 clients for
aggregation during each iteration. For non-IID data distribution, we set each
client node to contain only three categories from the dataset.

Benchmarks. We compare several classical and efficient methods with the pro-
posed FLO in our experiments, including FedSGD [11], FedAdam [13], LAMB
[19], and AdaScale SGD [4]. The FedSGD algorithm performs multiple local
updates on client and then aggregates them on the server to update the global
model. This algorithm serves as a fundamental baseline for other federated
learning algorithms. The FedAdam algorithm performs local updates and global
update by using the Adam optimizer with adaptive learning rates simultane-
ously on both the client and server side. The LAMB algorithm introduces a trust
ratio for the update of each layer, allowing the model to be trained with larger
batch sizes. The Adascale SGD improves the performance of global updates by
adjusting the learning rate based on the variance of gradients and the number
of clients. Below, we will provide the details of the hyperparameter settings in
the experiment. The learning rate for the Fashion-MNIST experiment is set to
0.00001, while for the CIFAR-10 experiment, the learning rate is set to 0.0001.
For FedAdam and LAMB, we fix a momentum parameter β1 = 0.9 and a second
momentum parameter β2 = 0.999. For ASNES algorithm, we set β = 0.9 in the
Fashion-MNIST experiment and beta = 0.85 in the CIFAR-10 experiment.

5.2 Evaluation Results

Figure 1 illustrates the performance comparison between ASNES and other
algorithms on Fashion-MNIST and CIFAR-10 datasets with different distribu-
tions. We have observed that ASNES performs excellently on both homogeneous
and heterogeneous data distributions. In the Fashion-MNIST dataset, ASNES,
FedAdam, and LAMB achieve similar performance in both homogeneous and
heterogeneous data distributions, with ASNES showing a slight improvement in
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convergence speed. On the more complex CIFAR-10 dataset, ASNES demon-
strates even more pronounced advantages in convergence compared to other
benchmark algorithms. Furthermore, in the experiments with heterogeneous
data distributions in CIFAR-10, ASNES algorithm with Nesterov momentum
outperforms FedAdam by 5% in terms of performance. These findings highlight
the strong performance of ASNES across different data distributions and com-
plexities.

Fig. 1. Test Accuracy of the Fashion-MNIST and CIFAR-10 dataset

Figure 2 illustrates the training curves of ASNES algorithm with varying
numbers of clients. We observe that the convergence of the ASNES algorithm
improves as the number of client nodes increases. More clients participating in
the training process imply a larger batch size, and ASNES can adaptively adjust
the learning rate to accelerate training based on the scale of the client nodes.
Particularly in the CIFAR-10 dataset, we can see a positive correlation between
the convergence of the algorithm and the number of clients.
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Fig. 2. The test accuracy of the Fashion-MNIST and CIFAR-10 datasets across differ-
ent numbers of clients.

6 Conclusion

In this paper, we highlight that adapting the learning rate based on the scale
of federated learning can reduce its training time. By observing the variance of
aggregated gradients and the current client scale, we can adjust the learning rate
in each iteration to accelerate the convergence of the model. Moreover, Nesterov
momentum makes wiser updates by estimating the future position of parame-
ters. By combining the learning rate adaptation method for adaptive federated
learning scale and Nesterov momentum, we propose the ASNES algorithm to
adapt to the dynamic changes in the number of working nodes under federated
learning and accelerate the convergence speed of the model.
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