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ABSTRACT
MobileFaceNet is a lightweight backbone network for face recognition specially designed for mobile and embedded devices, 
which has been widely used in resource-constrained scenarios such as identity authentication, video surveillance, and wearable 
devices. To further compress the model size, reduce computational overhead, and accelerate inference speed, model 
compression and acceleration methods have become a research hotspot, among which network model pruning is the most 
commonly used. Focusing on pruning methods, this paper systematically reviews the pruning research on MobileFaceNet. It first 
gives an overview of pruning, then summarizes and analyzes typical existing pruning experiments on MobileFaceNet, and finally 
prospects the future development directions. This paper can provide a reference for the pruning research of MobileFaceNet 
deployed on edge devices.
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1　Introduction
1.1　Research Background

As a mainstream biometric recognition technology, face recognition has been widely applied in public security, 
financial verification, wearable devices and other fields. Different from traditional large-scale networks, edge deployment 
requires models to feature small size, low computation, low latency and strong robustness. MobileFaceNet, an improved 
model based on MobileNetV2. Centered on depthwise separable convolution, inverted residual structure and global 
depthwise convolution, it achieved 99.55% accuracy on the LFW dataset with only about 0.99M parameters, becoming 
the preferred lightweight backbone network for embedded and mobile platforms [1]. However, in extremely resource-
constrained scenarios such as smart wristbands, low-end MCUs, and miniature cameras, the standard MobileFaceNet still 
suffers from high computational overhead and large memory occupation. Network model pruning realizes lightweight 
design by removing redundant weights, convolution kernels, channels or layers in the network with controllable accuracy 
loss, which is the most direct and effective compression method.

1.2　Research Status and Review Structure

In recent years, numerous pruning studies for MobileFaceNet have emerged. A greedy pruning scheme using Taylor 
expansion to evaluate the importance of convolution kernels has been adopted, where the least important kernels are 
iteratively pruned according to a given pruning ratio, followed by network fine-tuning to reduce accuracy loss, so as to 
strike a balance between pruning rate and recognition accuracy [2]. Channel importance has been evaluated using the L2 
norm, with pruning mainly performed on the depthwise and pointwise convolutional layers in the bottleneck structure of 
MobileFaceNet to remove channels with low contribution [3]. A structured channel pruning approach has been proposed 
to rank convolution kernels by a Taylor-based criterion, retaining high-weight kernels while removing low-weight ones, 
with the optimization objective of minimizing the model loss difference before and after pruning, expressed as min<sub>
W′</sub>|C(D∣W′)−C(D∣W)|, where C denotes the loss value, W is the network weight before pruning, W′ is the weight after 
pruning, and D represents the model input and output [4]. On the basis of MobileFaceNet, model lightweighting has been 
achieved through input size compression and hybrid structured pruning; the SE attention module and central difference 
convolution (CDC) have been integrated to enhance texture features and illumination robustness; a Fourier frequency-
domain auxiliary branch has been introduced for supervision during training, and a dual-scale fusion strategy with 1.0×/
4.0× face boxes has been developed. High-precision and low-latency face liveness detection has been realized on the 
RV1126 embedded platform, providing a complete solution for the optimization and deployment of lightweight face 
models on embedded devices [5]. A collaborative optimization method combining channel pruning and knowledge 
distillation has been presented for MobileFaceNet, taking bottleneck inverted residual blocks as pruning targets and 
calculating channel importance using the product of activation outputs and gradients of 1×1 upsampling convolutional 
layers to implement structured channel pruning. The original model serves as the teacher network and the pruned model 
as the student network, and knowledge distillation is conducted with a unit vector Euclidean distance loss function to 
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transfer feature representation knowledge and compensate for accuracy degradation. Experimental results show that the 
optimized MobileFaceNet reduces parameters by 15% and achieves a 20% pruning ratio of bottleneck modules, with 
nearly unchanged accuracy on mainstream face recognition datasets such as LFW and AgeDB30, and a 20% improvement 
in inference speed on Android terminals, effectively realizing model lightweighting and efficient inference for mobile face 
recognition in resource-constrained scenarios [6]. However, existing research lacks a systematic review dedicated to the 
independent pruning of MobileFaceNet. Focusing solely on pure pruning methods, this paper reviews the model 
overview of MobileFaceNet, classification of pruning techniques, pruning implementation flow, experimental comparison 
of MobileFaceNet-oriented pruning, and future prospects. It clarifies the role and value of pruning in the lightweighting of 
MobileFaceNet, and points out the limitations and future directions of pruning research on MobileFaceNet.

2　Overview of MobileFaceNet Model

2.1　Design Background and Positioning of MobileFaceNet

Neural networks for general visual recognition tasks such as MobileNetV1, ShuffleNet and MobileNetV2 suffer from 
large accuracy loss if directly used for face recognition. In response, MobileFaceNet—an improved model based on 
MobileNetV2 specially designed for face recognition on mobile and embedded platforms—has been proposed to achieve 
a better balance among small model size, high accuracy and fast inference speed [1].

2.2　Core Structure and Technical Innovations of MobileFaceNet

MobileFaceNet inherits the bottlenecks of MobileNetV2 but reduces the expansion factor of bottlenecks, reducing 
redundant computations while maintaining feature expression capability. The model replaces the ReLU activation 
function with the PReLU activation function and adds BN layers to accelerate model convergence and prevent overfitting. 
It adopts an early downsampling strategy and an early dimension reduction strategy in the last few convolutional layers, 
and replaces the global average pooling layer of MobileNetV2 with a global depthwise convolutional layer, allowing the 
network to autonomously learn weights at different positions, making the extracted features more general and global, 
and effectively improving network accuracy. Table 1 shows the complete structure of MobileFaceNet. Face recognition 
loss functions improved based on Softmax include Arcface and AdaCos. AdaCos introduces a dynamic adaptive scaling 
factor sd on the basis of Arcface, facilitating dynamic adjustment of hyperparameters during training [7]. At present, 
Arcface and AdaCos are mainstream and reliable choices for lightweight face recognition loss functions.

2.3　Advantages and Lightweight Bottlenecks of MobileFaceNet

Compared with models such as Light CNN and MobileNetV2, MobileFaceNet has the following advantages: with 0.99M 
parameters, the single model size is only 4.8MB; it achieves up to 99.55% accuracy on the LFW dataset and 92.59% TAR on 
MegaFace (FAR=1e-6), with accuracy comparable to large CNN models such as FaceNet; the fastest inference time on 
mobile phones is only 18 milliseconds, featuring faster inference speed and higher recognition accuracy with fewer 
parameters. However, in embedded terminals with extremely low computing power and limited storage resources (such 
as miniature surveillance and portable identity authentication devices), the parameters and computational complexity of 
MobileFaceNet still need further compression. Among many model optimization methods, pruning is the most 
mainstream and direct effective compression method for MobileFaceNet, but a scientific pruning scheme is required for 
precise pruning to avoid severe accuracy loss caused by inappropriate pruning.

3　Overview of Pruning

3.1　Classification of Pruning Techniques

Network pruning can be divided into pre-training pruning, in-training pruning and post-training pruning according to 
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pruning timing. For lightweight networks such as MobileFaceNet, post-training pruning is the most mainstream choice in 
academia and industry, so only post-training pruning is highlighted here. Network pruning can be divided into 
unstructured pruning and structured pruning according to pruning granularity. Unstructured pruning takes weights and 
connections as pruning objects, such as the OBD method and the OBS method improved on the basis of OBD [8-9]. After 
unstructured pruning, some weight parameters in the network are set to zero, resulting in irregularity of non-zero weights 
and sparsity of weight matrices, making it difficult to achieve hardware acceleration and affecting subsequent 
optimization and application. Due to a series of problems of unstructured pruning, it is usually not used as a mainstream 
pruning method, while structured pruning that maintains the complete model structure has become a widely used 
method at present. Structured pruning can be divided into channel pruning, convolution kernel pruning and layer 
pruning. Channel pruning first evaluates network channels and then trims poorly evaluated channels. Convolution kernel 
pruning removes redundant convolution kernels and their corresponding feature maps. Layer pruning takes layers in the 
network as pruning objects to directly reduce the number of network layers, suitable for deep models.

3.2　Pruning Implementation Process

3.2.1　Pre-pruning Preparation

First, clarify the pruning objectives of MobileFaceNet, such as compressing the model as much as possible under a 
certain accuracy loss threshold; load the pre-trained MobileFaceNet model; analyze the structural characteristics of the 
model; prepare datasets required for pruning; determine accuracy evaluation indicators (e. g., test accuracy on LFW 
dataset), inference speed evaluation indicators (e.g., fps), etc., to compare models before and after pruning.

3.2.2　Pruning Object Evaluation

According to the selected pruning criteria (e. g., Taylor expansion of loss function, L2 norm), evaluate and rank the 
importance of prunable units of MobileFaceNet, and then delete unimportant units according to the importance ranking. 
Therefore, selecting appropriate pruning criteria is particularly important, which directly affects the subsequent pruning 
and fine-tuning process.

3.2.3　Pruning

Accurately delete redundant units according to the evaluation results, combined with pruning strategies and pruning 
granularity; follow the structural constraints of MobileFaceNet and avoid some special units. Structured pruning ensures 
the complete structure of the pruned model and adapts to hardware acceleration.

3.2.4　Fine-tuning Process

The pruned MobileFaceNet model may suffer from accuracy degradation due to the removal of some convolution 
kernels or channels. At this time, fine-tuning is needed to restore accuracy. Select appropriate training parameters (e.g., 
learning rate, optimizer) for fine-tuning on the validation set (part of the original dataset), focusing on optimizing layers 
with discontinuous parameters after pruning (e.g., subsequent convolutional layers after channel cropping); over-pruning 
can be suppressed by adjusting pruning hyperparameters (e.g., t and s in the FOAD method) to balance the lightweight 
effect and accuracy loss.

4　Analysis of MobileFaceNet Pruning Experiments
4.1　Typical Pruning Method Experiments

To clearly present the actual effects (compression effect, accuracy retention and inference performance) of different 
pruning schemes in the lightweight transformation of MobileFaceNet, mainstream structured pruning methods are 
summarized. Performance indicators include pruning/compression rate, accuracy change and speed improvement, with 
accuracy tested on LFW, AgeDB30 or CelebASpoof datasets, as shown in Table 2.

4.2　Comprehensive Analysis of Pruning Experiments

It can be seen from Table 2 that structured pruning is the mainstream method for current MobileFaceNet model 
compression, which can achieve a compression rate of 36%~62%, effectively reducing model memory occupation and 
computing resource consumption, laying a foundation for edge deployment. The accuracy loss is generally controlled 
within 0.5%, and the inference speed after pruning is increased by 27.8%~1.8 times, meeting the real-time processing 
requirements of mobile, embedded devices and video surveillance scenarios. According to the structure of 
MobileFaceNet, the beginning and last few layers of the network (especially the global depthwise convolutional layer) are 
generally not pruned, and the rest of the structure can be pruned according to different specific compression 
requirements. Whether the scenario focuses on real-time performance or low power consumption, the lightweight effect 
brought by pruning is the basic condition for model deployment.
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5　Existing Research Bottlenecks and Future Prospects

5.1　Bottlenecks of MobileFaceNet-oriented Pruning

5.1.1　Insufficient Redundancy Mining in Structured Pruning

Most existing structured pruning methods adopt general evaluation criteria, which are insufficiently adapted to the 
exclusive structural characteristics of MobileFaceNet, such as the lack of pruning rules for global depthwise convolution, 
early dimension reduction layers and PReLU activation layers, failing to fully mine potential redundancy in the model and 
limiting further improvement of compression rate.

5.1.2　Low Automation and Adaptability

The existing pruning process still relies heavily on manual design, including pruning criterion selection, pruning 
strategy setting, pruning ratio setting, fine-tuning strategy configuration, etc., which are highly dependent on manual 
experience and experimental adjustment, with weak generalization ability. There is a lack of pruning paradigm that can 
automatically make decisions according to model structure, task objectives and hardware constraints, making it difficult 
to achieve integrated adaptive sparsification aware of tasks, data and hardware, limiting the efficient deployment of 
models in complex edge scenarios.

5.2　Future Development Directions of MobileFaceNet-oriented Pruning

5.2.1　Customized Structured Pruning for the Model

Aim at the characteristics of MobileFaceNet such as inverted residual module, global depthwise convolution, early 
dimension reduction structure and PReLU activation, design more accurate structured pruning rules to fully mine internal 
redundancy of the model,and further explore the possibility of higher compression rate of MobileFaceNet on the premise 
of ensuring accuracy.

5.2.2　Research on Automated Pruning for MobileFaceNet

Traditional pruning methods rely too much on manual experience and experimental adjustment, leading to 
insufficient generalization ability. In the future, pruning technology will move towards a new paradigm of automation, 
adaptability and end-to-end optimization, and will become increasingly mature. For lightweight face recognition models 
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such as MobileFaceNet, automated pruning technology may achieve a breakthrough in maintaining accuracy under high 
pruning rate of MobileFaceNet. The directions of automated pruning mainly include designing an adaptive pruning 
framework based on reinforcement learning, task-aware dynamic sparsification and end-to-end optimization of 
differentiable pruning technology [10]. Therefore, the following research can be carried out on MobileFaceNet in the future: 
1. Based on the GRPO reinforcement learning framework, introduce dynamic scaling factors into the BN layers of 
MobileFaceNet and combine channel attention mechanism to build an adaptive evaluation system for channel 
importance of convolutional layers, then construct a multi-dimensional state vector containing layer structure features, 
input the constructed multi-dimensional state vector into the policy network (agent of GRPO reinforcement learning), 
and finally generate pruning actions and pruning rates for each layer in the network by the policy network [11]. 2.A task-
aware adaptive sparsification mechanism integrated with face recognition task properties can significantly boost edge-
side inference efficiency. 3. PDAS, an automated pruning algorithm based on data flow. Combined with the data flow 
characteristics between neural network layers, this method proposes an alternating search-update mechanism. To find 
the appropriate network layer width, a differentiable neural architecture search algorithm is used to learn the probability 
distribution, and the idea of genetic algorithm is adopted to continuously update the search space composed of 
candidate layer widths, improving pruning efficiency while ensuring search efficiency. For the more complex inverted 
residual block structure, a constrained progressive search strategy is proposed. Determine the number of channels of 
each layer in stages according to data flow characteristics, and compress the network model progressively to avoid 
additional convolution alignment overhead caused by dimension mismatch of residual connections due to pruning [12].

6　Conclusion
MobileFaceNet is cropped and optimized on the basis of MobileNetV2. With innovations such as replacing the global 

average pooling layer with a global depthwise convolutional layer and adopting an early dimension reduction strategy, its 
accuracy is effectively improved,making it a mainstream lightweight face recognition model for mobile and embedded 
platforms. Pruning technology is a direct and effective method to compress MobileFaceNet. The pruning of 
MobileFaceNet is based on structured pruning, and the technical classification, implementation process and fine-tuning 
process of structured pruning are summarized. From the summary of typical experiments on MobileFaceNet, structured 
pruning can achieve 36%-62% model compression of MobileFaceNet on the premise of controlling accuracy loss within 
0.5%, and the actual edge inference speed is increased by 27.8%~1.8 times, meeting the requirements of edge 
deployment. However, existing studies have bottlenecks such as insufficient redundancy mining in structured pruning 
and low automation and adaptability. In the future, designing customized pruning schemes for MobileFaceNet and 
researching automated pruning for MobileFaceNet are expected to obtain MobileFaceNet models with faster inference 
speed and high accuracy retention under higher pruning rates, which can be fully adapted to extremely resource-
constrained platforms.
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