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Lightweight and accuracy upgrade: Surface
partial Key point detection model based on

deep reinforcement learning

Abstract:

Muhan Jia This paper introduces a novel lightweight and high-
accuracy model for facial key point detection,
incorporating advancements in deep learning to optimize
performance under limited computational resources. The
proposed architecture, Inception-MLP, integrates a pre-
trained Inception module for multi-scale feature extraction
and replaces traditional fully connected layers with a
single-hidden-layer multilayer perceptron (MLP), reducing
complexity while maintaining strong representational
power. Unlike conventional CNN-based models that often
suffer from parameter redundancy and prolonged training
times, this method strikes an effective balance among
accuracy, model size, and training efficiency. Comparative
evaluations against Basic CNN, VGG, and EfficientNet-
Lite3 demonstrate that Inception-MLP offers superior
performance across multiple metrics, making it suitable
for real-world applications, especially on mobile or
embedded devices. The model’s ability to achieve precise
localization of facial landmarks with fewer parameters
highlights its deployment potential in scenarios requiring
both lightweight inference and high reliability. This
work contributes a feasible direction toward efficient
deep learning-based facial analysis, providing a valuable
reference for future model design in similar tasks.
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1. Introduction the geometric alignment of facial images but also
significantly contribute to subsequent tasks such as
face recognition, expression recognition, and 3D
modeling [1]. Traditional methods rely on handcraft-
ed features and shallow models, which are difficult to
handle the variability of facial appearances and com-

As computer vision progresses rapidly, an increasing
number of research efforts and industrial applications
have focused on facial key point detection. These
key points not only provide fundamental support for



plex backgrounds. Deep learning models autonomously
extract hierarchical features via several layers of nonlinear
transformations, capturing details from low-level elements
such as edges and textures to high-level attributes like fa-
cial structure and pose, without requiring manual feature
design [2]. As a result, deep learning is now widely recog-
nized as the primary method for facial key point detection.
Convolutional Neural Network (CNN) is a typical deep
learning algorithm applied to facial key point detection [3].
They have deep structures that transform raw image pix-
els into multi-level feature representations, which contain
semantic abstraction features required for various appli-
cations. The structure of CNNss is relatively simple, but to
achieve high accuracy, they often require stacking a large
number of convolutional layers [4]. Compared with CNN,
Visual Geometry Group (VGG) contains more convolu-
tional layers and fully connected layers. This increases the
complexity of the network structure and also leads to a
significant increase in the number of trainable parameters
and training time [5]. EfficientNet-Lite3 is a relatively
popular lightweight solution for facial key point recog-
nition nowadays. It mainly adopts Mobile Inverted Bot-
tleneck Convolution (MBConv) instead of the traditional
convolutional layer to reduce the amount of calculation[6].
The most common real-world applications of facial key-
point detection models include facial unlocking in mobile
apps and access control systems. These applications all
require completion within a few seconds. Therefore, the
deployability of deep learning models largely depends on
their inference speed and their performance on mobile and
embedded devices with limited computational capacity.
All of this requires deep learning models to achieve light-
weight deployment while improving accuracy. Inference
time and the number of trainable parameters are important
criteria for measuring the lightweight nature of a model.

In this paper, Basic CNN is used as the baseline. On the
basis of Basic CNN, the Inception module is introduced
for feature extraction, and fully connected hidden layers
are used to replace traditional fully connected layers,
thereby improving the convolutional neural network struc-
ture and forming Inception-MLP [7]. This enables the
model to improve accuracy while reducing training time,
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with only a slight increase in the number of trainable pa-
rameters. Compared with Basic CNN, EfficientNet-Lite3
and VGG, this model achieves significant improvements
and successfully balances accuracy and lightweight de-
ployment. Inception-MLP provides a feasible solution
for real-world scenarios that are sensitive to computing
resources and have higher requirements for accuracy.

2. Principal of proposed method

2.1 Basic CNN

The network design of the Basic CNN model incorporates
three convolutional layers, three max-pooling layers, and
a single fully connected layer. The input is a single-chan-
nel grayscale image. A max pooling layer is introduced
after every convolutional layer to downsample the feature
maps. The max pooling layers perform down sampling to
integrate the distributed spatial features extracted by the
preceding convolutional and pooling layers into global se-
mantic features, which are then mapped to the final output
space. The fully connected layer contains 500 neurons,
which is an empirically tuned configuration. This setup
provides sufficient representational capacity without intro-
ducing excessive parameters that could lead to overfitting.
All convolutional layers utilize a filter size of 3x3, with
channel counts of 32, 64, and 128 in sequence. The low-
er-level convolutional layer (Conv1) focuses on basic tex-
tures, while the higher-level convolutional layer (Conv3)
captures semantic features. ReLU activation is applied
after all convolutional layers to introduce non-linearity
and accelerate convergence [8]. A 2x2 pooling window is
applied during each subsampling operation, using a stride
of 2. The output layer adopts a linear activation function,
which is suitable for regression tasks. In this paper, Ba-
sic CNN is used as the baseline.In this paper, subsequent
improvements are made based on the baseline model to
form the the introduced approach. The results are present-
ed in Figure 1. The gray section represents the traditional
convolutional neural network, while the blue section illus-
trates the proposed method in this paper.
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Fig. 1 The flowchart of Deep learning.

The total number of parameters in Basic CNN is
6,508,202, among which the fully connected layer ac-
counts for approximately 98%. Although it can accom-

plish the task of facial key point detection, it suffers from
drawbacks such as a large number of parameters and low
efficiency. Its network structure is shown in Table 1.

Table 1. The network structure of Basic CNN.

Layer Output Size Trainable Parameters
Input 96x96x1 0

Convl 94x94x32 320

Pooll 47%47x32 0

Conv2 45%x45%64 18,496

Pool2 22x22x64 0

Conv3 20x20x128 73,856

Pool3 10x10x128 0

FCl 500 6,400,500

Output 30 1,5030

2.2 Inception-MLP

According to the above theoretical analysis of the Basic
CNN structure, it can be concluded that the primary chal-
lenge in model compression stems from the fully connect-
ed layer. To address this concern, this paper introduces the
Inception module to improve the framework of the CNN
model. The Inception model is incorporated to overcome
the limitations of traditional CNN structures in terms of
computational efficiency and feature extraction capabili-
ty. The model is not trained from scratch; instead, a pre-
trained Inception module is used for feature extraction,
combined with a fully connected network to perform key
point coordinate regression.

The Inception-v3 module adopted in this paper is pre-
trained and includes convolutional layer weights, batch

normalization parameters, and fully connected layer
weights [9]. The choice of using a pre-trained Inception
model for transfer learning is based on the following con-
siderations: First, Inception has demonstrated excellent
feature extraction capabilities in the ImageNet classifica-
tion task. Its multi-scale convolution structure can capture
hierarchical features ranging from edge textures to seman-
tic objects. Second, ImageNet contains 1.4 million images
across 1,000 categories, which enables the model to learn
highly generalized low-level visual features. Studies have
shown that such low-level features are transferable across
different computer vision tasks. Given that the training
dataset used in this paper consists of only 7,049 images,
training a model from scratch is prone to overfitting and
poor performance on the test set. A pre-trained model can
effectively mitigate this issue. Third, using a pre-trained



module significantly reduces the number of parameters
that need to be trained, thereby achieving the goal of light-
weighting as much as possible.

The Inception model is primarily designed to address the
parameter redundancy and low computational efficiency
of Basic CNN. Through its sparse connection architec-
ture, the model achieves a “globally sparse, locally dense”
computational pattern. Multi-scale convolutional parallel
processing enables simultaneous capture of features at
different granularities [10]. In this paper, a dimensionality
reduction mechanism is applied. When extracting features
from input images using the Inception network, each mod-
ule is composed of four concurrently operating branches:
a 1x1 convolution, two convolutions (3x3 and 5x5) each
with a preceding 1x1 bottleneck for dimensionality reduc-
tion, and a 3x3 max pooling operation succeeded by a 1x1
convolution for feature projection.

The 1x1 convolution is responsible for capturing fine-
grained local information, the 3%3 convolution is designed
to extract features over a moderate spatial range, the 5x5
convolution captures broader contextual information, and
the pooling operation enhances feature invariance. This
structure is particularly well-suited for facial key point de-
tection tasks, as different key points (such as eye corners
and the nose tip) require feature support at different scales.
In addition, the 1x1 convolution used for dimensionality
reduction significantly reduces the computational cost of
the 3x3 and 5%5 convolutions, thereby improving model
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efficiency while maintaining depth. For example, when
the input depth is 128, the 5x5 convolutional path first
performs a 1x1 convolution to reduce the dimensionality
to 16 channels, followed by a 5x5 convolution with 32
channels. Finally, the outputs of all four paths are concate-
nated into a 256-channel feature map. The total number of
parameters in the model is 9,977,258.

According to the above calculations, the higher dimen-
sionality of features extracted by the Inception module
leads to an increase in the input size of the fully connected
layer. As a result, the parameter count increases. For the
purpose of reducing model complexity and accelerat-
ing training, this paper introduces a single-hidden-layer
Multilayer Perceptron (MLP) to replace the original fully
connected layer, based on the Inception-CNN architecture
[11]. Figure 2 illustrates the network structure of Incep-
tion-MLP.The network takes a 96x96x1 grayscale image
as input. Features are extracted through the Inception
module, producing a high-dimensional feature map of size
17x17x768. This is then reduced to 7x7x768 via adaptive
average pooling and flattened into a 37,632-dimensional
vector. A dense hidden layer with 200 neurons receives the
input vector, after which an output layer generates the 30
corresponding facial landmark coordinates. The architec-
ture is lightweight and possesses strong feature extraction
capability, making it suitable for facial key point detection
tasks.

96x96x% 1 17x17x768 TxT %768 200 30
Flatten
Input Inception Adaptive Average MLP Output
Pooling

Fig. 2 Inception-MLP.

MLP compresses the multi-dimensional features extracted
by the Inception module into a 200-dimensional hidden
space to integrate the features. It learns complex function-
al relationships through activation by the ReLU function

and maps the features to the coordinate space using a lin-
ear output layer [12]. A total of 7,532,630 parameters are
included in the Inception-MLP, as shown in Table 2.

Table 2. The network structure of Inception-MLP.

Layer Output Size Trainable Parameters
Input 96x96x1 0
Inception Feature Extraction 17x17x768 0
Adaptive Average Pooling TxTx768 0
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Flatten 37,632 0
Fully Connected Hidden Layer 200 7,526,600
Output 30 6,030

2.3 EfficientNet-Lite3

The primary distinction between EfficientNet-Lite3 and
CNN can be found in its use of a lightweight module
called MBConv. In MBConv, a 1x1 convolution is first
applied for dimensional expansion. This is followed by a
depth-separated convolution, which applies spatial convo-

lution separately to each channel. Then, a pointwise con-
volution (1x1) is used for dimensionality reduction and
to reintegrate information across channels. Finally, the
output is produced through residual connections. The total
number of parameters in EfficientNet-Lite3 is 79,136,642,
and its architecture is shown in Table 3.

Table 3. The network structure of EfficientNet-Lite3.

Layer Output Size Trainable Parameters
Input 96x96x1 0

StemConv 48%x48x32 288

MBConv1 48x48%16 9,824

MBConv2 48x48%24 280,096

MBConv3 24x24x40 1,056,544
MBConv4 12x12x80 1,644,960
MBConv5 6x6x112 17,562,912
MBConv6 6x6x192 45,987,840
MBConv7 3x3x320 12,539,008

HeadFC 500 39,600

Output 30 15,390

2.4 VGG linear transformations [13]. Each 2x2 max pooling step

VGG, as a classical convolutional neural network archi-
tecture, consists of eight convolutional layers (all using
3x3 kernels) and four fully connected layers. It captures
more complex features through multiple layers of non-

reduces the spatial resolution of the feature maps by 50%
and simultaneously doubles the channel count, resulting
in a consistent block pattern. Its network architecture
is shown in Table 4, with a total number of parameters
amounting to 9,811,422.

Table 4. The network structure of VGG.

Layer Output Size Trainable Parameters
Input 96x96x1 0

Convl 64x94%94 640
Conv2 64x92%92 36,928
Maxpooll 64x46x46 0
Conv3 128x44x44 73,856
Conv4 128x42x42 147,584
Maxpool2 128x21x21 0
Conv5 256x19%19 295,168
Conv6 256x17x17 590,080
Maxpool3 256x8x%8 0
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FC1 512 8,389,632
FC2 512 262,656
FC3 512 262,656
FC4 512 262,656
Output 30 15,390
3. Results and testing purposes, where 7,049 images constitute the

3.1 Dataset

The Facial Keypoints Detection dataset provided by Kag-
gle was utilized for training the models. Each face image
contains 15 facial key point positions, such as the inner
corner of the left eyebrow; inner, center, and outer points
of both eyes; the central point of the nose; the lateral end-
points of the lips; and the central top and bottom points
of the lips. Each detected key point is characterized by a
real-valued (X, y) coordinate pair defined in image pixel
space.

The Facial Key points Detection dataset contains a total of
8,832 grayscale images with a resolution of 96x96 pixels.
The dataset is divided into separate subsets for training

training subset and 1,783 images are employed for model
testing.

3.2 Different Model Results

Basic CNN, Inception-MLP, EfficientNet-Lite3 and VGG
were trained for facial key point prediction. Mean squared
error (MSE) was employed by all models to quantify
loss, while PCK@0.1 served as the metric for accuracy
evaluation. The Adam optimizer was applied in all cases,
which adjusts the learning rate based on squared gradients
and computes moving averages of the gradients [14]. All
models were trained for a total of 600 epochs. Their train-
ing loss processes are shown in Figure 3. Table 5 presents
a comprehensive comparison of training time, accuracy,
MSE, and trainable parameter counts for the three models.

0.07
Basic CNN
Inception-MLP
0.06
VGG
EfficientNet-Lite3
0.05 -
0.04
W
W
o
—
0.03 -
0.02 -
0.01 A
0.00 . . .

0 100 200

300 400

Epoch

600

Fig. 3 Basic CNN, Inception-MLP, VGG, EfficientNet-Lite3 Loss.
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Table 5. Models comparison.

Model Accuracy Loss Value Training Time/Epoch Trainable Parameters (Million)
Basic CNN 1.29 .
asic C 81.2% 0.00305 1525 6.5
Inception-MLP 83.3% 0.00227 121s 7.5
VGG 82.8% 0.00238 256s 9.8
EfficientNet-Lite3 83.1% 0.00230 133s 7.9
From the data, it can be observed that compared to Ba-  aspects:

sic CNN, Inception-MLP improves accuracy by 2.1%,
reduces training time by 31 seconds, and increases the
number of parameters by approximately 15%. Although
the number of parameters increases slightly, its superior
performance in both accuracy and training time makes it
more suitable for lightweight deployment than the base-
line model.Compared to VGG and EfficientNet-Lite3, two
well-established and widely used convolutional neural
network models, Inception-MLP improves accuracy by
0.5% and 0.2%, reduces training time by 135 seconds and
12 seconds, and decreases the number of parameters by 2.3
million and 0.4 million, respectively.

Overall, compared with the three mainstream deep learn-
ing models(Basic CNN, VGG, and EfficientNet-Lite3),
Inception-MLP achieves higher accuracy, shorter training
time, and a moderate number of parameters. These metrics
suggest that Inception-MLP can serve as a superior light-
weight deployment solution in real-world applications,
potentially replacing the other three models.

4. Conclusion

This paper mainly investigates the problem of facial key
point prediction given raw facial images. Specifically, for
a given 96x96 image, we predict 15 pairs of (x, y) coordi-
nates corresponding to facial key points. The baseline for
comparison is provided by Basic CNN, a standard convo-
lutional neural network. Based on it, this paper improves
the network structure by further exploring the sparse con-
nectivity of the Inception module and replacing the fully
connected layer with an MLP structure, aiming to improve
accuracy while keeping computational complexity as low
as possible to meet the requirements of facial key point
detection. Experiments conducted on the Kaggle dataset
demonstrate the effectiveness of the deep structures, espe-
cially Inception-MLP, compared to Basic CNN, Efficient-
Net-Lite3 and Simple VGG regarding accuracy, training
efficiency, and computational cost. This helps verify the
feasibility of lightweight deployment for facial key point
prediction in practical scenarios.

Future research directions based on this paper include two

a. This paper has demonstrated the effectiveness of the
Inception model as a pre-trained model; however, training
from scratch may have potential to further improve per-
formance.

b. As shown by the results in this paper, compared to
other model-based methods, using the Inception module
and MLP structure may increase time complexity and pa-
rameter count, which are unfavorable for lightweight de-
ployment. Nonetheless, the results have shown significant
improvements. Future work will focus on designing deep
architecture specifically tailored for this task to further en-
hance performance.
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