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As a Ph.D. student in artificial intelligence and machine learning with electrical engineering
background, my long-term goal is to build effective and robust decentralized machine
learning (i.e., federated learning [1, 2, 3] for the real-world deployment over resource-
constrained wireless network. Federated learning involves computation and communication,
where the efficiency can be improved from model training and wireless network perspectives.
During my Ph.D. studies, I will approach this goal from three perspectives:

(1) Improving the convergence rate of federated learning: One of the new properties
that differentiate federated learning from distributed machine learning is the statistical
heterogeneity. Particularly, data samples across participating devices may not be inde-
pendent and identically distributed (non-i.i.d.). Training with non-i.i.d. datasets will
lead to biased model updates, stagnating model convergence, and substantially reduc-
ing model accuracy. My research analyzed the convergence property given the above-
mentioned statistical and/or system heterogeneity from theoretical perspectives, and I
further proposed algorithmic and systematic designs that propel faster convergence rate
of federated learning.

(2) Designing lightweight model for on-device training and model transmission:
To alleviate the computation/communication burden caused on devices, I will design the
lightweight learning model for on-device local training and model transmission, e.g., the
quantization-aware training model. To achieve a massive deployment of FL over resource-
constrained devices (e.g., IoT devices in smart manufacturing), I will further design
effective resource allocation strategies to vigorously coordinate the candidate devices,
thus enhancing the overall system performance.

(3) Developing the byzantine-resilient federated learning: Although the raw data
are not required to be sent to the cloud server, privacy and security concerns may still
arise when the devices and/or the server are curious and malicious (The adversarial
devices are referred to as Byzantine devices). Notably, it has been shown that even a
single Byzantine fault can significantly alter the trained model with naive mean-value
aggregation rule [4]. I will understand and defend different types of adversarial actions,
combing with auction-based incentive scheme, to reach a robust federated learning with
greater social welfare.

The three tenets of my research—improving the convergence rate of federated learning models,
designing lightweight model for resource-constrained network, and byzantine-resilient federated
learning—collectively contribute to a future of federated learning that can be deployed over
current network infrastructure. I will elaborate more on each of them.

1. Federate Learning with Statistical Heterogeneity

Non-i.i.d is a typical feature when deploying federated learning. For example, Douglas-Fir
and Red Maple are distributed in the west part, and east part of the continental United States
[5], IoT devices in different locations will collect data samples with different data distribution.
To surmount the slow convergence of the most commonly adopted FL algorithm (i.e., FedAvg
[1]) under the presence of non-i.i.d. dataset, I analyzed the FL convergence property when
heterogeneous data across devices are shown and proposed a weighting strategy[6, 7] and a
device scheduling design [8, 9] to improve the convergence rate. Particularly, I observed that



devices with heterogeneous datasets make different contributions to the global model aggrega-
tion through examining the gradient information from devices. Therefore, I proposed to assign
distinct weights (rather than weigh the local model equally) for participating devices to update
the global model. The weighting adaptivity in terms of different devices and different training
phases allows the server to accelerate the model convergence. In order to deploy FL over mas-
sive devices with non-i.i.d data, partial device participation and device scheduling are needed
to be considered. Thus, for the second step, I designed a probabilistic device scheduling frame-
work that can choose devices according to their probability. The probability for each device
to be scheduled is determined by the potential contribution from those candidates, and thus is
dynamically changed along with the training phases.

The finished works [6, 7, 8, 9] are theoretically proved and empirically verified via extensive
experiments.

2. Federate Learning with System Heterogeneity

The complex ML model makes FL deployment on resource-constrained edge devices un-
realistic. It is important to consider the lightweight training model to meet the deployable
requirements. Preliminary research shows model quantization with a designed number of bit
representations achieves competitive training performance (limited number of integer versus float
32) [10, 11]. To reduce the cost of local training and model transmission in the FL context, we
can further utilize the concept of model quantization. Particularly, we can adaptively control the
quantization level (number of adopted bits) for different parts of the training model (i.e., neural
network), given the fact that differentiated quantization sensitivity is shown when quantization
is applied on different layers of a neural network (e.g., the convolutional layer is more sensitive
compared with fully connected layer when using limited number of integer to represent model
parameters), which is testified by our experimental results. Therefore, we will propose effective
bit distribution methods (i.e., assign bits to represent different model components) to achieve a
larger model representation given the limited communication capability over wireless links.

Due to the large volume of devices in the FL context, resource allocation, e.g., bandwidth
allocation, is vital in achieving our third objective. Previous works [12, 13] focus on the resource
block (RB) allocation that assigns the limited RBs to the devices with a higher contribution
(a larger norm of model update). We can further exploit the layerwise contribution from those
devices, given the fact that different layers in the neural networks may behave differently during
the training process [14], e.g., the shallow feature in the first several layers may change slightly,
contrast to the deep layers. Therefore, we should assign a different amount of communication
resource when transmitting the parameters in different layers since those parameters can be
quantized with a different number of bits. In addition, given the layerwise contribution from
participating nodes, it would be more effective to schedule different devices to transmit dif-
ferent devices of their local updates, i.e., parameters at different layers, to further reduce the
communication cost.

My ongoing works focus on this theme, the joint design of model quantization and resource
allocation, makes FL deployment over resource-constrained devices realistic.

3. Byzantine-Resilient Federated Learning

Most algorithmic and system designs in federated learning focus on improving the convergence
rate or communication reduction without considering the model transmission’s reliance. The
artificial defacement may occur during model training, i.e., the malicious node, and model
transmission, i.e., the noise. The malicious nodes may intentionally affect the local update in
many ways, e.g., change the training data, falsify the model parameter, etc., to finally interfere



with the global model [15, 16]. Understanding different types of malicious actions and defending
them is also crucial in deploying the FL systems.

The byzantine-resilient federate learning model will also be considered in the context of in-
centive design, by using auction mechanism[17] to achieve a better social welfare of the federated
learning market. Different from the Stackelberg game and contract theory, the auction mech-
anism allows the data owner to actively report its type. Thus, the FL server can sufficiently
understand device status and requests to optimize the target performance metric, such as the
social welfare of the market or the server’s revenue.

For the next research work, I will focus on the byzantine-resilient federate learning and
incentive design to target the robustness feature of federated learning model.
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