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Executive Summary/Abstract 

Emerging machine learning (ML) technologies, in combination with the increasing computational 
power of mobile devices, lead to the extensive adoption of ML-based applications. Different from 
conventional model training that needs to collect all the user data in centralized cloud servers, 
federated learning (FL) has recently drawn increasing research attention as it enables privacy-
preserving model training. With FL, decentralized edge devices in participation, train their model 
copies locally over their siloed datasets, and periodically synchronize the model parameters. 
However, model training is computationally extensive which easily drains the battery of mobile 
devices. In addition, due to the uneven distribution of siloed datasets, the shared model may 
become biased. To address the efficiency and fairness concerns in a resource-constrained federated 
learning setting, we have developed a strategy to judiciously select mobile devices to participate in 
the global model aggregation, and adaptively adjust the frequency of local and global model 
updates. Our strategy makes scheduling and coordination for the federated learning towards both 
resource efficiency and model fairness. We have conducted a theoretical analysis from the 
perspectives of fairness and convergence. Extensive experiments with a wide variety of real-world 
datasets and models, both on a networked prototype system and in a larger-scale simulated 
environment, have demonstrated that while maintaining similar accuracy performance, our 
strategy outperforms existing baselines with respect to reducing communication overhead by up to 
6× for higher efficiency and improving the fairness metric by up to 57% compared to the state-of-
the-art algorithms.  

Goals and Objectives 

Identify specific characteristics of federated learning applications and leverage algorithm-system 
codesign to offer cross-layer solutions that make intelligence faster and more cost-
efficient. Improve learning efficiency in resource-constrained federated learning. Improve the 
quality of the learned model by achieving fairness and alleviating bias.  

Reducing the number of parameters to be updated and the round of the parameter updating. Our 
goal is to find the bounds of them while maintaining the desired accuracy. This task's success could 
guide the better implementation of distributed deep learning, as a result, advance non-invasive 
healthcare monitoring and save cost. 
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Differences from Current State of Art 

Under the resource-constrained federated learning environment, existing works have proposed a 
variety of approaches towards efficiency improvement, such as reducing the communication traffic 
volume with gradient compression or sparsification, reducing the communication frequency by 
adaptive model synchronization, reducing the number of communicating entities through dynamic 
participant selection, etc.  Apart from the efficiency goal, another important concern is fairness with 
respect to how the collaboratively learned model performs (measured by loss value or ac- curacy 
level) across user devices. A common definition of fairness in traditional machine learning is with 
respect to the accuracy parity across protected groups, which cannot be trivially extended to 
federated learning since it makes no sense to ensure identical accuracy on each device given the 
significant variation among the data. In sharp contrast to the existing approaches, our developed 
strategy takes into account both resource efficiency and model fairness in resource-constrained 
federated learning involving heterogeneous devices. To the best of our knowledge, we are the first to 
incorporate both the adaptive update frequency and the selection of user devices per round in the 
synchronous federated learning setting, achieving the best utilization of limited resources while 
ensuring the fairness of the learned model with a theoretical guarantee. 

Methods and Datasets 

The main idea of our developed strategy is to select a set of mobile devices (or user equipment, i.e., 
UEs) in each round, to participate in federated learning. To make judicious decisions on the selection 
of UEs, we consider the comprehensive factors of the local loss, the data size, the computation power, 
resource demand and last update time associated with each UE. Accounting for these factors, an 
overall index will be calculated to indicate the priority of each UE to be selected for participation by 
the scheduling algorithm. Particularly, before each global aggregation, the following factors will be 
considered for each UE: the loss value achieved with local model, the size of local data, the 
computation power, the resource demand, and the age of update (AoU) which refers to the last 
communication round when the UE participated in global aggregation. With these metrics captured 
before the global update, the priority index of each UE will be calculated. Intuitively, a UE with a lower 
loss indicates a more accurate copy of model and thus should have higher priority to participate in 
and contribute to the global model aggregation. Similarly, if a UE has more local data, it should be 
preferred in our selection to make a contribution. The AoU metric helps to prevent a UE from being 
left isolated for a long time. 

Our developed strategy includes the procedures at the aggregator and each UE, coordinating the 
dynamic participation of UEs in federated learning. The aggregator initiates the learning process by 
sending the model, initialized as a constant or random vector, and the local training step τ, initialized 
as 1, to all the UEs. Accordingly, each UE, upon receiving data from the aggregator, will perform local 
training iterations for τ steps. Then it reports the local updates and per-step resource usage to the 
aggregator, to be globally aggregated as elaborated next.  

When the aggregator receives weights and other parameters from the selected UEs, it will update the 
global model using a weighted average. The relative weight, associated with each UE, is proportional 
to the amount of its local data, the ratio of its computation power to resource demand, and its AoU 
metric. Meanwhile, the local loss at each selected UE will be recorded, the accumulated resource 
consumption for each type will be updated, and the AoUs of all the UEs will be updated. With all the 
metrics readily available, the adaptive value of τ for the next round of local updates is calculated. In 
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addition, a dynamic participant selection comes into action to decide the next set of UEs for reporting 
their model updates in the next round. Given the per-round resource budget, a subset of UEs will be 
selected based on their priority index values. More specifically, a number of UEs are chosen from the 
list of UEs selected in the last round, to exhaust a portion (κ percent) of the budget, while the rest of 
the budget is used to involve UEs that did not participate in the previous round. The rationale for 
introducing the proportion parameter κ is to promote contribution from more participants: for 
example, if the priority ranking of each UE remains the same across two consecutive rounds, this 
proportional selection gives opportunities to a few promising UEs that were just below the threshold 
to be selected in the previous round. After participant selection, the aggregator checks the availability 
of each type of resource for the next round, based on estimation. Given the selected UEs, the updated 
τ , and the current total accumulated resource usage, it calculates the expected total usage after the 
next round, based on the historical information. If the resource budget is violated, the aggregator will 
stop training at each UE and return the final model parameters. Otherwise, it sends model and step 
updates to each selected participant to start the next round of training. 

In summary, the dynamic selection of UEs, in combination with the adjustment of local computation 
steps, manages to improve the resource efficiency and benefit the model convergence. Moreover, the 
criteria for selecting UEs account for a comprehensive set of factors, contributing to the guarantee of 
fairness. We have formally analysed these features. More details of our methods are reported in our 
journal publication [1]. 

Meta-learning instrumented in FL intends to enable each client to handle previously unseen tasks. 
The goal of meta-learning is to generate an initial model based on which a new client can find its own 
optimized model by a few local gradient steps and using only its own (i.e., local) data. Rather than a 
personalized model, we focus on creating an initial model that leads to a high-accuracy global model. 
MMD calculates the distance between the means of two data distributions and is widely adopted for 
describing the difference between features extracted from the source and target domains. The 
objective of minimizing MMD loss is to extract more generalized features that are equivalent to our 
purpose of learning better representations (i.e., coming up with a more generalized model) of the 
whole locally distributed dataset [2]. 

A new DP_SGD algorithm that uses the adaptive gradient clipping to clip the per-sample gradients to 
avoid using Batch Norms and other Normalization techniques was proposed. We will incorporate this 
algorithm in federated learning. 

Results 

We use both convex and non-convex models to evaluate our proposed algorithm. One of them is the 
popular binary classifier, squared-SVM (to be mentioned as SVM for simplicity), and the other one is 
a convolutional neural network (CNN). For the SVM model, we feed the publicly available large-scale 
MNIST hand-written digit dataset for model training. It contains gray-scale images of 70,000 
handwritten digits (60,000 for training and 10,000 for testing). As a binary classifier, the SVM model 
will classify a digit as either odd or even for the MNIST dataset. The CNN model used in our 
experiments follows a standard structure with 9 layers in total, including two 5x5x32 convolutional 
layers, two 2x2 max-pool layers, two local response normalization layers, two fully-connected layers 
and one softmax classification layer. In addition to the MNIST dataset aforementioned, two large-
scale image datasets, Fashion-MNIST and CIFAR-10, are also used for CNN model training. More 
specifically, Fashion-MNIST has the same format as MNIST but includes 28x28 grayscale images of 
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fashion items instead of digits. It consists of 70000 images, categorized into 10 classes, with 60,000 
used as a training set and the rest for a test set. CIFAR-10 consists of 60,000 32x32 color images. We 
have also conducted our experiments with two types of data distribution (i.e., i.i.d. and non-i.i.d.) 
among the UEs. More specifically, for the i.i.d. setting, each data sample is assigned randomly to a UE. 
For the non-i.i.d. setting, each UE consists of data with the same label. If there are more labels than 
UEs, each UE will have data with more than one label, but the number of labels at each UE is no more 
than the total number of labels divided by the total number of UEs rounded to the next integer. In the 
training phase, the learning step hyperparameter is set to 0.01 and the batch size is 100. We launch 
our model training in the popular machine learning framework, Tensorflow, with stochastic gradient 
descent as the optimizer. 

Through extensive experiments using such real-world datasets on both a hardware setting and in a 
larger-scale simulated environment for convex and non-convex models and for different data 
distributions, we demonstrate the fairness and efficiency of our proposed approach. It performs 
fairer than the state-of-the-art by resulting in at least 49% less variance in terms of loss distribution. 
It also achieves at least 60% smaller variance compared to RS (random selection) and 100% 
compared to LLS (a better performance-based selection algorithm), under both i.i.d. and non-i.i.d. 
settings for various models. With respect to model accuracy, the results demonstrate that the 
performance of our strategy remains similar to the adaptive federated learning baseline in both non-
i.i.d. and i.i.d. settings for the convex model. For computation-intensive model training, i.e., a complex 
model CNN trained on CIFAR-10 dataset, We save the communication overhead by up to 6.45×, 
thanks to the efficient device selection algorithm and the strategically calculated global aggregation 
frequency, while sacrificing the accuracy performance by less than 5% compared to the state-of-the-
art for the non-i.i.d setting. To summarize, our extensive experimental results confirm the 
effectiveness of our proposed approach in achieving model fairness for different machine learning 
models and data distribution settings. Compared to the state-of-the-art adaptive federated learning 
baseline, our strategy  is able to achieve similar model performance while significantly improving 
communication efficiency. 

Our results are significant because we improved the learning accuracy from 67% to 89%. At the same 
time, the learning round is only three. When using EfficientNet for federated learning, we can achieve 
high accuracy of up to 97% on the CIFAR -10 dataset. To enhance privacy, each of the client's models 
will use a new Differential Privacy SGD to update the respective model as well. 

Functionality of Innovation(s) 

An Efficient and Fair Scheduling Strategy in Adaptive Federated Learning: judiciously selecting IoT 
devices to participate in the learning across rounds; adaptively adjusting the frequency of local 
updates and global aggregation, based on an optimization framework that considers a set of factors 
associated with decentralized devices. The innovation can achieve fairness in the learned model 
performance and improve resource efficiency in federated learning with theoretical guarantees.   

A few-shot meta-learning concept with Maximum Mean Discrepancy (MMD) loss to reduce the 
communication round while training an efficient model is proposed.   
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Conclusions and Recommendations 

We have developed an efficient and fair federated learning strategy in large-scale resource-
constrained environments. Our strategy saves communication throughout the process of federated 
learning by selecting a subset of devices to achieve the best resource efficiency. Our strategy is also 
designed to ensure model fairness, which is defined with respect to the model performance 
distribution across the devices. We have theoretically analysed the performance of our strategy, 
including the fairness analysis and the convergence bound derivation. Furthermore, we have 
conducted experiments in a variety of settings, learning simple and complex models on publicly 
available large-scale image datasets for both i.i.d and noni.i.d data distributions in the real-world and 
simulated environment. Results demonstrate that our strategy outperforms the state-of-the-art in 
terms of model fairness and communication efficiency while achieving similar model performance. 

 

Impact and Uses/Benefits 

Due to the privacy concern of raw data generated and stored at edge devices, federated learning, 
without exposing raw data, has been increasingly employed by large companies and organizations 
for machine learning tasks across thousands to millions of user devices. Unique challenges and 
open problems come long with its promising advantages to increasingly draw wide attention, 
including uneven data distribution (non-i.i.d.) across devices, constrained resources (power 
condition), network dynamics (bandwidth, latency) which impact the communication stage, etc. 
Our solution could be generally adopted by and integrated into the machine learning and federated 
learning platforms to improve the learning efficiency and model quality, which contributes to the 
profits. 

The federated learning’s local models could be combined with Differential Privacy SGD to update 
the respective model to achieve better privacy.  The EfficientNet with pre-trained models could be a 
better model for federated learning because it can achieve better accuracy and train much faster. 
Fixed-round few-shot federated learning could be a good model for distributed devices. 
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