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Abstract—The accuracy of emotion analysis has rapidly im-
proved thanks to the breakthroughs of convolutional neural
networks (CNNs) and Transformers. Moreover, the multi-head
self-attention (MSA) mechanism of Transformer perfectly fits
the modeling of the dependency relationship between expressions
and different facial regions. However, CNNs struggle to capture
global dependencies, and Transformers’ quadratic complexity
poses a big challenge to deploy on low-power devices. To
resolve these issues, we design a robust and efficient hybrid
Tiny machine learning (TinyML) model named HCMTMM
for emotion recognition in ultra-low-power embedded devices.
Specifically, we propose a hybrid deep model by combining
a CNN and Mamba module, which relies on the state space
models (SSM) framework, which can effectively exploit the local
and global dependencies of different facial regions to enhance
emotional recognition performance with linear computational
complexity. Moreover, we leverage multi-loss distillation learning
to enhance recognition performance. We conducted extensive
comparative experiments on four publicly available datasets,
and the experimental results showed that when running the
family of CNNs, our proposed solution outperforms any other
implementation in terms of accuracy and model size. Moreover,
we port and test the proposed model on the embedded device
ESP32 Cam platform. Our proposed model achieves remarkable
results in inference speed.

Index Terms—Tiny machine learning, facial expression recog-
nition, Mamba, distillation learning, ESP32 Cam platform

I. INTRODUCTION

EXPRESSION analysis technology is widely used in peo-
ple’s lives and production, including online education,

healthcare, and smart furniture [1]. Psychologist Mehrabian
has shown through extensive experimental research that ap-
proximately 55% of emotional information in people’s daily
communication is conveyed through their facial expressions
[2] [3]. To systematically analyze and study facial emotions,
Ekman [4] first defined seven basic human expressions through
extensive scientific research. Subsequently, he proposed the
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facial action coding system (FACS) with Friesen [5] to ex-
plore the close relationship between facial muscle movements
and different expressions, and defined action units (AUs) for
these different facial muscles. With the rapid development
of computers and information technology, human-computer
interaction has become more diverse, and relying solely on
touch-based mechanical operations is difficult to meet practical
needs [6]. Therefore, by accurately recognizing facial expres-
sions through computers, the personalization and intelligence
of human-computer interaction can be effectively enhanced
[7].

With the development of computer hardware technology,
computer vision-based methods provide powerful support for
facial emotion analysis, resulting in higher recognition accu-
racy and faster speed [8]. According to the different types of
features used, existing facial expression recognition mainly
includes hand-crafted features and deep learning features
[9]. The former mainly utilizes existing prior knowledge to
extract hand-crafted features from facial regions, and then
uses different classifiers for emotion recognition. Common
hand-crafted features include geometric features, statistical
features, frequency domain features, and motion features [10].
Common classifiers include support vector machines (SVM),
random forests, and Bayesian networks. Due to the fast
training speed of hand-crafted features, it does not require
a large amount of training data and computing resources
[11]. However, hand-crafted features are easily affected by
human factors and complex scenarios, leading to insufficient
training of classifiers and a serious decline in the accuracy
of sentiment analysis. To address this issue, deep learning
features abandon the shortcomings of hand-crafted feature
design and can automatically extract features closely related to
tasks from a large number of training samples, including facial
emotion analysis [12]. According to the different structures of
networks, emotion analysis methods based on deep networks
are mainly divided into convolutional neural networks (CNNs),
recurrent neural networks, and hybrid networks [13]. CNNs
can effectively extract facial texture feature information by
utilizing their advantages of parameter sharing, translation
invariance, and pooling operations. Jain et al. [14] proposed
an effective convolutional network trained on CK+ and JAFFE
datasets and achieved higher recognition accuracy than hand-
crafted features. Additionally, by adding residual blocks, the
performance of the convolutional network is further improved.
CNNs mainly use static facial images as input; they are
unable to mine temporal features. Among different facial
expressions, temporal features can better reflect the movement
changes of facial muscles. With the increasing scale of video
emotion datasets, the performance of recurrent neural network-
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based emotion recognition has been significantly improved.
Jung et al. [15] extracted temporal feature information from
image sequences and facial landmark sequences, and achieved
the highest performance on CK+ and Oulu-CASIA datasets
through ensemble learning mechanisms. Li et al. [16] inte-
grated CNN and long short-term memory (LSTM) for spa-
tiotemporal feature mining, further improving the accuracy of
sentiment analysis. Compared to hand-crafted features, deep
networks can automatically learn input features, achieving
higher recognition accuracy and robustness in complex scenes
[17].

With the popularity of consumer electronics, various mi-
croprocessors have gradually become integrated into daily life
due to their advantages, such as low power consumption,
low deployment cost, and low latency [18] [19]. However,
existing deep networks require large storage and computing
resources, making it difficult to effectively deploy on these
microprocessors [20] [21]. In recent years, Tiny machine
learning (TinyML) technology has been widely studied. This
technology can deploy machine learning and deep learning
models on microcontrollers and ensure the normal operation
of the models with ultra-low power consumption [22]. One
of the key directions of TinyML technology is lightweight
network design and deployment [23]. To this end, MobileNet
reduces computational complexity by 9 times by using depth-
wise separable convolutional operations. To further enhance
the performance, MobileNetV2 introduced residual modules
and ReLU activation functions to reduce information loss.
MobileNetV3 introduced the squeeze-and-excitation (SE) at-
tention mechanism, further improving the robustness of the
model. To further reduce the parameters of the model, Han et
al. [24] proposed the SqueezeNet model, which has a model
size of less than 0.5MB and a parameter count 510 times
smaller than AlexNet. In the facial expression recognition task,
the MicroExp network [25] achieved good emotion recognition
accuracy with a model parameter of 65K. To achieve a better
balance between model accuracy and complexity, as well as
model memory size, more and more research is designing
more sophisticated network structures to improve performance
[26]. Jaderberg et al. [27] proposed a spatial transformer
module to extract deep features from regions of interest of
the human face. Hu et al. [28] proposed the SE module that
focuses on the influence of different channels. Due to the lack
of spatial information in the SE module, Woo et al. [29] pro-
posed the convolutional block attention module (CBAM) by
utilizing both channel and spatial information. In recent years,
Transformers based on multi-head attention mechanisms have
shown superior performance in the fields of natural language
and computer vision [30]. In the task of facial emotion anal-
ysis, the attention mechanism can fully explore the influence
of different facial region AUs on emotions. The distribution
of different AUs in the face is shown in Fig. 1. Although
existing attention mechanisms improve the performance of
the model, the overall computational complexity is high, such
as the multi-head self-attention (MSA) mechanism requires
quadratic complexity [31]. Therefore, from the perspective of
mobile deployment, designing more efficient TinyML models
has become one of the urgent directions for facial emotion

recognition.

Fig. 1. Overview of the distribution of different AUs in the human face. We
present some AUs, i.e., AU4, AU12,AU23 and AU24.

In recent years, benefiting from the advantage of state space
models (SSM), a new attention mechanism called Mamba [32]
has the advantage of linearly varying complexity calculations
to achieve the effect of the MSA mechanism, which can
improve model performance while also increasing inference
speed. To design an efficient TinyML for sentiment analysis,
this paper integrates convolutional networks and Mamba to
create an efficient and robust deep model named HCMTMM.
The entire model has only 66K parameters and can model
the local and global dependencies of AUs. The experimental
results on four publicly available datasets show that the
proposed model achieves higher recognition accuracy with
fewer model parameters. The testing results on the EPS32-
CAM development board indicate that our proposed model
has superiority in terms of model inference speed.

The core innovations of this paper are listed as follows:
(1) We design an efficient TinyML model for sentiment

analysis, which uses convolutional operations to extract local
features of AU and combines the Mamba module to exploit
global dependencies of different AUs. The proposed TinyML
model exploits the relationship between AUs and different
facial expressions, effectively improving the performance.

(2) We leverage a multi-loss distillation learning mecha-
nism, in which we introduce feature-based distillation loss and
response-based loss to enhance the performance. The proposed
model only has 66K parameters, which is more lightweight
than most existing deep networks.

(3) We carry out extensive comparative experiments on four
publicly available datasets. The experimental results indicate
that the proposed model achieves optimal performance in
terms of accuracy. In addition, by deploying the proposed
model on the ESP32-CAM platform, the proposed TinyML
model achieves higher inference speed.

The remainder of this paper is organized as follows: we
present the related work in Section II; we provide a detailed in-
troduction to the network structure and the Mamba mechanism
in Section III; all experiments are conducted and summarized
in Section IV; the last section is the conclusion of this paper.

II. RELATED WORK

A. Machine leaning-based emotion recognition

Facial emotion analysis has become one of the key research
directions in the fields of computer vision and artificial intelli-
gence due to its significant academic and commercial potential
[33] [34]. To extract features from static facial images and
videos for sentiment analysis, researchers have proposed many
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machine learning algorithms [35]. According to the types of
features, the former requires designing hand-crafted features
and using different classifiers. From the perspective of hand-
crafted feature design, Active appearance models (AAM) use
geometric feature information of facial features and facial
contours for sentiment analysis. Due to the susceptibility of
such algorithms to lighting, angle, and facial size, the accuracy
of the model is relatively low [36]. To extract more image
texture feature information, Shan et al. [37] used the local
binary pattern (LBP) to construct image texture features for
sentiment analysis. Although the LBP operator has simple
operations and rotation invariance. However, it can lead to
excessively high dimensionality of features and increase the
complexity of the model. To improve the representation ability
of features, the Gabor wavelet transform [38] is used to
obtain the frequency domain features of facial images. This
type of algorithm can effectively extract the detailed features
of images. The above methods mainly extract features from
static images, and the mining of temporal features can further
improve the accuracy of facial expression recognition. Li et
al. [39] extracted motion features based on optical flow from
video sequences, which can effectively alleviate the impact
of lighting on sentiment analysis. From the perspective of
classifier selection, Wang et al. [40] applied the K-nearest
neighbor (KNN) algorithm to sentiment classification tasks.
However, the classifier has a slow training speed and the
training results are unstable. Bayesian network-based classi-
fiers can infer unknown expressions from known expression
classification information [41]. In addition, the classifier of
SVM [42] continuously optimizes the objective function to
obtain the hyperplane with the largest difference between the
features of different categories of samples. Traditional machine
learning methods do not require a large number of samples
for training and have a fast inference speed. However, manual
features and existing classifiers are difficult to adapt to the
complexity and diversity of facial sentiment analysis.

B. Deep learning-based facial expression recognition

To alleviate the inherent shortcomings of traditional hand-
crafted feature design, deep learning based methods can auto-
matically extract features from a large number of samples and
perform feature classification simultaneously through super-
vised learning [43] [44]. In facial expression recognition tasks,
two types of deep networks, convolutional neural networks
and recurrent neural networks, are mainly used based on
whether the extracted object is a static image or a video
frame sequence [45]. To further improve the performance of
traditional convolutional networks, Mollahosseini et al. [46]
adopted two convolutional layers and four Inception layers
to broaden the depth and width of the network. Hamester
et al. [47] proposed a multi-channel convolutional neural
network. This network uses autoencoders to assist standard
convolutional neural network learning. To extract richer feature
information, Cai et al. [48] proposed a sparse batch nor-
malized convolutional neural network model and used larger
convolutional kernels in the convolutional layer. On both the
CK+and JAFFE datasets, the accuracy of facial expressions

exceeds 95%. To extract discriminative spatiotemporal video
features in video sequences, Zhang et al. [49] adopted a
spatial CNN and a temporal CNN to extract features from
static images and optical flow images. Then all spatial and
temporal features are fed into a deep belief network (DBN)
for expression recognition. To extract features from video
sequences, Pan et al. [50] integrated CNN and LSTM networks
for spatiotemporal feature mining. Although deep learning can
effectively improve the accuracy and robustness of emotion
recognition, it requires a large number of samples for network
training [51]. In addition, the structure of the network is
more complex, leading to an increase in the number of
parameters and memory requirements of the model [52]. To
deploy deep models on embedded devices, a lightweight model
design is urgently needed. Lightweight network models such
as ShuffleNet, MobileNet, GhostNet, etc. reduce the number
of parameters and complexity of the model while maintaining
accuracy as much as possible, and improve the training speed
[53]. To build a real-time facial emotion recognition system,
Li et al. [54] designed a lightweight CNN by exploiting pre-
activation in the residual block. In this paper, we aim to design
a very lightweight deep model which can be deployed on the
ESP32-CAM platform for emotion analysis.

C. Attention mechanism in computer vision
Attention mechanism refers to the ability of a model to

focus on important parts related to the task and ignore
other irrelevant parts [55]. In computer vision tasks, atten-
tion mechanisms can help models better understand input
images or videos by assigning different weights to features
in different regions, thereby improving model performance
[56]. At present, attention mechanisms mainly include spatial
attention mechanisms, channel attention mechanisms, tempo-
ral attention mechanisms, and mixed attention mechanisms
[57]. The spatial attention mechanism mines the importance
of different positions in the input data and weights the input
[58]. Jaderberg et al. [27] proposed the spatial Transformer
networks, which complete preprocessing operations suitable
for the task by learning the deformation of the input, and have
made significant progress in image classification tasks. Zhao
et al. [59] combined the bilateral U-Net network model with a
spatial attention mechanism to increase the receptive field and
enhance the context information fusion. The channel attention
mechanism weights different channels of input data to improve
the performance. Hu et al. [28] proposed the squeeze-and-
excitation networks (SENet) in which each layer of a convolu-
tional network has many convolutional kernels corresponding
to a feature channel. The Squeeze operation takes the global
spatial features of each channel as its representation, while the
excitation operation learns the degree of dependence of each
channel and adjusts different feature maps based on the degree
of dependence. The temporal attention mechanism weights
time series data to improve the model’s understanding of time
series data. Xia et al. [60] proposed a new temporal attention
mechanism to learn the contribution of different historical ap-
pearance features at the same position to the current features.
Due to the modeling capability of a single attention mecha-
nism, an increasing number of studies involve hybrid attention
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Fig. 2. Overview of emotion recognition system based on consumer electronics products. Electronic products are used for face detection and cropping through
Dlib tools. We use the pre-trained VGG-16 as teacher network. In the student network, which only has 66K parameters, we use two convolution layers for
deep feature extraction. To exploit the global dependencies of the AUs in different facial regions, we embed the Mamba module to construct an efficient
global attention mechanism. Moreover, we introduce multi-loss distillation learning mechanism to enhance the performance.

mechanisms to further improve the performance of models.
Huang et al. [61] designed a novel channel-spatial attention
mechanism by fusing multi-stage features for object detection.
Li et al. [62] used the spatial–temporal attention mechanism
for remote sensing image change detection. In recent years,
the MSA mechanism has been widely applied in the field
of computer vision [63]. The MSA mechanism captures the
global dependencies of a sequence through parallel operations
, thereby obtaining richer semantic information and improving
model performance. However, the MSA mechanism leads to
quadratic computational complexity, making it difficult to de-
ploy on mobile or embedded devices [64]. In emotion analysis,
different muscle movements generate different expressions.
This paper designs a TinyML model by introducing a novel
attention mechanism to focus on different facial regions.

III. OUR PROPOSED HCMTMM FRAMEWORK

A. Motivation

Deep learning-based model plays an essential role in emo-
tion analysis. However, due to high computation and memory
footprints, enabling deep model deployment on embedded
devices is becoming a major challenge. TinyML models have
achieved remarkable performance to facilitate the operation
of deep models on embedded devices. Toward this end, we
design an effective TinyML model that benefits from the
attention mechanism and the FACS system. More importantly,
it integrates the Mamba module to explicitly leverage global
dependencies of facial AUs, allowing the model to improve
performance with linear time complexity compared to the
MSA mechanism. The proposed model HCMTMM is shown
in Fig. 2. In the proposed HCMTMM, we adopt two convolu-
tion layers to extract deep features of different facial regions.
By introducing the Mamba module, we aim to use a more
effective attention mechanism to enhance the performance
of facial expression recognition. In addition, we introduce a
multi-loss distillation learning mechanism to further improve
the performance of the student network.

B. Facial emotion analysis network based on Mamba attention
mechanism

In the FACS system, the changes in facial expressions are
closely related to facial action units. To further describe the
motion changes of facial muscles corresponding to different
action units, we use residual connection convolution operation
to extract local features of different regions of the face. Due
to the advantages of parameter sharing, local receptive field,
and low operational complexity in convolution operations, it
has been widely used for extracting local features from images.
Convolution operation is used to extract local features through
sliding windows and achieve parameter sharing, effectively
reducing the complexity of the model. In addition, to further
improve the feature representation ability of the model, we
introduce a residual connection mechanism. We use two 3×3
convolution operations and max pooling operations to obtain
the deep features of local facial regions. The correspondence
between different facial regions and deep feature is shown in
Fig. 3.

Through convolution and pooling operations, we can obtain
deep features of different facial regions. Inspired by FACS
research, the introduction of the attention mechanism can fur-
ther improve the recognition performance. In facial expression
recognition, changes in different expressions may be closely
related to multiple facial action units. In addition, modeling the
dependency relationships of these action units is quite com-
plex. Compared with commonly used attention mechanisms,
i.e., channel attention mechanism, spatial attention mechanism,
and hybrid attention mechanism, the MSA mechanism can
achieve better performance in computer vision tasks. The MSA
mechanism can achieve modeling of long-distance dependen-
cies and parallelize the entire process, improving the efficiency
of data processing. The calculation process of the entire MSA
mechanism is as follows: Firstly, three projected matrices
Query Q, Key K, and Value V are calculated as follows:
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Fig. 3. Overview of correspondence between different facial regions and deep features. The facial image is processed through two layers of convolution and
pooling operations to obtain the deep features of the face. These deep features have a clear correspondence with different regions of the face. According to
the FACS system, these deep features are also closely related to the AUs of the human face.

Q = XWQ

K = XWK

V = XWV

(1)

where X denotes the input features, WQ,WK ,WV denote
three learnable matrices.

To construct the MSA mechanism, the one-head self-
attention is defined as follows:

H(Q,K, V ) = softmax(
QKT

√
d

)V (2)

where d is the scale factor, which is used to adjust the
numerical value of the product.

The MSA mechanism can be defined as follows:

MultiHead(Q,K, V ) = Concat(head1, head2, ..., headh)WM

headi = Attention(QWQ
i ,KWK

i , V WV
i )

(3)
where WM ,WQ

i ,WK
i ,WV

i denote three learnable matrices.
The multi-head structure has improved the representation

ability and flexibility of the model, but it also increases the
computational complexity, especially when dealing with large
amounts of data, which may lead to an increase in the demand
for computing resources. In addition, the MSA mechanism has
a large number of parameters and requires a large number of
samples for model training. Moreover, the MSA mechanism
needs quadratic computational complexity with the input size,
making it difficult to handle very long sequence data. To
alleviate these issues, a novel deep learning architecture called
the Mamba model is designed based on the selective state
space model and Mamba can achieve linear time complexity
when processing long sequences [65]. Compared with the
MSA mechanism, the Mamba is more efficient in processing
long sequences. In addition, the Mamba model utilizes se-
lective scanning techniques and a hardware-optimized design,
effectively reducing memory overhead and further improving
the efficiency of model training and inference.

Mamba’s inspiration comes from traditional state space
models, including discretization and convolution operations of

the state space. Firstly, given the input x(t), the output of the
traditional definition of state space is as follows:

h
′
(t) = Ah(t) +Bx(t),

y(t) = Ch(t) +Dx(t),
(4)

where h(t) denotes the current state, t denotes time steps, A
denotes the the state transition matrix, B denotes the impact
of control variables on state variables, y(t) denotes the output
of system, C denotes the impact of the current state variable
on the output, and D denotes the impact of the current control
variable on the output.

As the traditional state space calculations involve continu-
ous values, to further improve computational efficiency, it is
necessary to discretize the state space model using the zero-
order preservation method. Assuming that the solution of the
state space ordinary differential equation is constant within the
sampling period. The formula for calculating the solution of
the differential equation is as follows:

h(t) = eA(tk+1−tk)h(t) +

∫ tk+1

tk

eA(t−τ)Bx(τ)dτ, (5)

where τ denotes integral variables, tk and tk+1 denote starting
and ending points of the sampling time interval.

The state space equation after discretization is as follows:

ht = Âht−1 + B̂xt,

yt = Cht +Dx(t),
(6)

where Â = e∆A, B̂ = (∆A)−1(e∆A − I) · ∆B, ∆ denotes
the estimating learnable parameters for discrete intervals.

The convolution operations of the state space model are
defined as follows:

y = x ∗ K̂, (7)

where K̂ = (CB̂,CÂB, ..., CÂM−1B̂), M denotes the size
of the convolution kernel.

The linear time-invariant structural state space models can
not effectively exploit contextual information. Therefore, the
selective state space model named Mamba which introduces
input-related parameters to a time-varying system, can enhance
the ability to model complex inputs. Two additional linear
layers are added for matrices B and C to select the control and
state variables of the input, enhancing the model’s adaptability
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to different input forms. The calculation process is defined as
follows:

B̂ = sB(x),

Ĉ = sC(x),

∆ = s∆(x),

(8)

where sB(·) and sD(·) denote two linear layers.
Due to the introduction of filtering mechanisms, the convo-

lution window of the state space has changed, making it dif-
ficult to effectively perform convolution sequence operations.
To speed up the computation, Mamba adopts multi-threading
for parallel computing, using the combination law for out-of-
order calculation for each sequence, and finally obtaining the
result through accumulation. In order to simplify the model
design, the Mamba block simplified the structure of Hungry
Hungry Hippos (H3) and combined it with a gated multilayer
perceptron (MLP), adding residual terms to prevent gradient
vanishing. The entire model result is shown in Fig. 4.

Fig. 4. Overview of the Mamba framework.

Compared with Transformer models based on the MSA
mechanism, Mamba can achieve linear time complexity when
processing long sequences. In addition, Mamba utilizes a
selective state space model, which can be more efficient for
modeling long sequences. Mamba uses parallel algorithms
optimized for modern hardware, especially GPUs, to reduce
memory requirements and improve computational efficiency.
Finally, Mamba’s structure is more concise, removing tradi-
tional attention and MLP blocks, providing better scalability
and performance. To build an efficient TinyML model for
sentiment analysis, we combined traditional convolution oper-
ations with the Mamba model. The Mamba model can achieve
modeling of global dependencies in different regions of the
human face with fewer model parameters and computational
complexity.

C. Facial emotion analysis based on knowledge distillation
mechanism

In the field of machine learning, complex models often come
with training and inference costs, increasing the difficulty of
deploying embedded devices for the models. To address this
issue, the distillation learning mechanism effectively enhances
the performance of student models by transferring knowledge
from complex models (teacher models) to simple models
(student models). The teacher model is usually a large and

complex model with high accuracy and generalization perfor-
mance. The student model, on the other hand, is a smaller and
simpler model with lower computational and storage costs. To
this end, we further improve the performance of the TinyML
model proposed in this paper by introducing a multi-loss
distillation learning mechanism. Given a training sample xi

and its corresponding label yi. After obtaining the feature
representations of the samples x through teacher and student
models, the feature-based distillation loss is defined as follows:

Lmse =
1

N

N∑
i=1

|| fs
i

||fs
i ||

− f t
i

||f t
i ||

||22, (9)

where N denotes the batch size, fs
i and f t

i denote the output
of the last fully connected layers of the teacher and student
models.

To further improve the distillation efficiency, we introduce
response-based loss. Given sample xi, the outputs of the
softmax layer from the teacher and student models are ui and
vi. The response-based loss is calculated as follows:

Lsoft = KL(PT , QT ), (10)

where PT = exp(ui/T )∑K
i=1 exp(ui/T )

, QT = exp(qi/T )∑K
i=1 exp(qi/T )

, K denotes
number of categories of facial expressions,T denotes the
temperature parameter, KL(·) denotes the KL divergence.

The multi-loss of distillation learning is defined as follows:

Lall = LCE + αLsoft + βLmse, (11)

where LCE denotes the cross entropy loss function, α and β
denote hyper-parameters.

In summary, we introduce the Mamba structure to achieve
global modeling of facial action units with less model com-
plexity, effectively improving the performance of sentiment
analysis. In addition, by introducing the multi-loss distillation
learning mechanism, we constructed a more compressed and
efficient TinyML model.

IV. EXPERIMENTS AND ANALYSIS

In this section, we conducted extensive comparative ex-
periments on four commonly used facial emotion datasets,
RaFD [66], CK+ [67], FER2013 [68] and RAF-DB [69].
Moreover, we conducted comparative experiments to verify
the effectiveness of distillation learning.

A. Datasets and experimental settings

The RaFD dataset is a high-quality facial emotion recogni-
tion dataset collected in a laboratory environment. This data
collected facial images of 67 people in different poses, and
three people’s eye gaze in three directions. The categories
of emotions include anger, disgust, fear, happiness, sadness,
surprise and neutral. In our experiment, we selected 1407
frontal facial images. The CK+ dataset collects facial video
sequences of 123 individuals in different emotional states.
The total number of video sequences is 593, but only 327
video sequences have corresponding emotional labels added.
CK+ has the same number of sentiment labels as the RaFD
dataset. In our experiment, we extracted static facial images for
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Fig. 5. Some samples from four facial expression datasets.

emotion analysis and used the last three frames from a labeled
video sequence. In order to validate emotion recognition in
complex scenarios, we chose the FER-2013 facial emotion
dataset. This dataset, like the previous two datasets, has 7
basic facial emotion labels. The entire dataset consists of
35887 images, including 28708, 3589 and 3589 images in
the training, validation, and testing sets. Due to the image
resolution being only 48× 48 and the presence of label noise
and annotation errors, the human recognition rate is only about
70%. RAF-DB is a high-quality and challenging real-world
emotion dataset that provides crucial resources for developing
facial expression recognition systems capable of handling
complex real-world scenarios. These facial emotion pictures
all come from the Internet and contain various complex factors
in the real world, such as lighting changes, head posture, and
occlusion. This dataset contains approximately 30000 facial
images in total. In our experiment, 12271 images were used
for model training, and 3068 images were used for model
testing. Some samples from four datasets are shown in Fig. 5.

We use the Dlib tool to crop facial regions and scale facial
regions to 98×98. The other experimental settings on the four
datasets are the same as the references [70] and [25]. For the
distillation learning setting, we employed the VGG-16 as the
teacher model. The hyperparameters α and β in distillation
learning with multiple losses are set to 0.5. We made full
use of existing research and combined relevant experiments to
select the entire hyperparameter setting. In existing research
[71] [72] [73], when the combination of cross entropy loss
and KD is used for distillation learning, the hyperparameters
of KD loss are usually set to 0 to 1. Therefore, we first obtain
the hyperparameters of α on the RaFD dataset. Then fix the
value of α and obtain the hyperparameters of β . The values
of α and β are both set as 0.5 in our experiments. For a fair
comparison, all comparative methods were run on an NVIDIA
Titan RTX GPU using the PyTorch framework and Python
3.8 based on Anaconda virtual environment. During model
training, we adopted the Adam optimizer with a learning
rate of 5e-4. Moreover, we compare the inference speed on

the ESP32-CAM embedded device. The ESP32-CAM module
is equipped with an ESP32-S chip, an ultra-small OV2640
camera, 520 KB of SRAM, and a micro SD card slot. The
ESP32-CAM module can be widely used in various Internet
of Things (IoT) applications. ESP32-CAM is shown in Fig. 6.

 

Fig. 6. Overview of ESP32-CAM embedded device.

B. Results on RaFD dataset

To verify the effectiveness of our proposed model, we se-
lected different lightweight models and compared the accuracy
and model parameters of different models on the RaFD dataset.
We detail the results in Table I.

Table I displays the comparison results of different deep
models in terms of accuracy and model parameters. Al-
though some deeper models. i.e., compactCNN,ResMoNET
and PeleeNet, achieve higher recognition accuracy, but these
models have more model parameters. The compactCNN
achieves a recognition rate of 96.83% with 20M model pa-
rameters. From the perspective of mobile deployment, the
design of lightweight models has significant application value.
Some lightweight models also achieve competitive recognition
performance, i.e., DDRGCN achieves an overall accuracy of
94.48% with 110K parameters. In this paper, we combine the
CNN and Mamba module for emotion analysis. The Baseline
only has two convolution layers and two fully connected lay-
ers. The Baseline obtains 91.20% accuracy with 64K parame-
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TABLE I
ACCURACY AND PARAMETERS OF DIFFERENT MODELS ON THE RAFD

DATASET

Models Parameters Accuracy (%)
PeleeNet [74] 2123K 84.00

ResMoNET [75] 1721K 90.00
DDRGCN [70] 110K 94.48

MicroExpNet [25] 65K 90.80
compactCNN [66] 20M 96.83

TESGCN [76] 80K 94.64
MobileViT [77] 972K 92.30

SNNEs [78] - 90.00
Baseline 64K 91.20

Baseline+MSA 69K 94.28
Baseline+Mamba 66K 95.25

HCMTMM 66K 96.08

ters. By introducing the Mamba module, the Baseline+Mamba
exhibits improvements of 4.05% compared to Baseline. More-
over, HCMTMM has a significant 0.83% increase in accuracy
compared to Baseline+Mamba by introducing the distillation
learning mechanism.

C. Results of different models on CK+ dataset

We evaluate our proposed model and other deep models on
the CK+ dataset and the results are reported in Table II.

TABLE II
ACCURACY OF DIFFERENT LIGHTWEIGHT MODELS ON CK+ DATASET

Models Parameters Accuracy (%)
EmotionNet Nano-A [79] 232K 97.60

RS-Xception [80] 1.92M 97.13
DDRGCN [70] 110K 94.32

MicroExpNet [25] 65K 90.71
ST-BLN wo/MCD [81] 132K 93.19

TESGCN [76] 80K 94.64
LITE-FER [82] 113K 89.69

LCNN [83] 1331K 98.00
SLW-LDT [84] 69K 98.90

Baseline 64K 90.84
Baseline+MSA 69K 93.87

Baseline+Mamba 66K 94.47
HCMTMM 66K 95.16

In Table II, RS-Xception and WRN obtain higher per-
formance by exploiting complex models and spatiotempo-
ral features. However, on resource-constrained devices, the
deployment of these models presents significant challenges.
Fortunately, various lightweight networks have also achieved
good performance in facial sentiment analysis tasks. The
EmotionNet Nano-A achieves 97.60% accuracy with 232K
parameters. In this paper, we design a more lightweight model
HCMTMM by integrating CNN and Mamba module with 66K
parameters. The Baseline+Mamba obtains 95.06% accuracy,
in which the Mamba can effectively leverage the relationship
between facial movements and expressions from a global
perspective. Moreover, the distillation learning mechanism in
HCMTMM demonstrated a 0.69% improvement in accuracy.
This demonstrates the effectiveness of the Mamba module and
distillation learning in facial expression recognition tasks.

D. Results on FER2013 dataset

As shown in Table III, we further compare with HCMTMM
and other deep models on the FER2013 dataset.

TABLE III
ACCURACY OF DIFFERENT LIGHTWEIGHT MODELS ON FER2013 DATASET

Models Parameters Accuracy (%)
DCN [46] 7300K 69.30
WRN [67] 18.35M 69.60

Xception [85] 1669K 67.01
DNNRL [86] 2.6M 71.33

RS-Xception [80] 1.92M 69.02
Li-CNN [87] 1387K 70.00

LANMSFF [88] 358K 70.44
MobileViT [77] 972K 62.20

Baseline 64K 64.23
Baseline+Mamba 66K 69.25

HCMTMM 66K 70.18

Although numerous experimental results have shown that
deeper networks can achieve better performance in many tasks.
However, in specific tasks, even with the use of a well-
designed network structure, surprising results can be achieved.
In Table III, the accuracy value of model LANMSFF exceeds
that of model RS-Xception with fewer model parameters. This
efficient lightweight model provides convenience for mobile
deployment. But we propose an effective TinyML model by
embedding the Mamba module in an existing CNN frame-
work. The Baseline+Mamba shows improvement of 5.02% by
introducing the attention mechanism. Moreover, our proposed
HCMTMM model can utilize distillation learning to enhance
facial expression recognition performance.

E. Results on RAF-DB dataset

To verify the emotion recognition performance of the pro-
posed model in more complex scenarios, we compared the
accuracy and model parameters of different models on the
RAFDB dataset. All the results are listed in Table IV.

TABLE IV
ACCURACY AND PARAMETERS OF DIFFERENT MODELS ON THE RAF-DB

DATASET

Models Parameters Accuracy (%)
CDLM-frame 2673K 65.52

MobileViT-XXS 1298K 73.89
L3Net 102K 55.03

DDRGCN [70] 110K 58.25
MicroExpNet [25] 65K 45.31

LWFER 770K 86.92
AFNet 26480K 80.30

Baseline 64K 52.26
Baseline+MSA 69K 59.14

Baseline+Mamba 66K 61.58
HCMTMM 66K 63.96

As shown in Table IV, we give the comparison results of dif-
ferent deep models from the perspective of accuracy and model
parameters. Some deeper models. i.e., MobileViT-XXS and
AFNet, still achieve high emotion recognition performance
even in complex scenarios. Compared with the Baseline,
the introduction of MSA and Mamba models has a positive
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effect on performance improvement. Finally, by introducing
a distillation learning mechanism, we further improved the
performance of the model.

F. Effectiveness of distillation learning on four datasets

In our proposed model, we adopt distillation learning to
further elevate model performance. In this section, we conduct
comparative experiments to estimate the effectiveness of dis-
tillation learning. All results on four facial expression datasets
are shown in Fig. 7.
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Fig. 7. Effectiveness of distillation learning on four datasets.

The models we compared include Baseline, Baseline+D,
Baseline+Mamba, and HCMTMM. Baseline and Baseline+D
use network structures within the system, while Baseline+D
introduces a distillation learning mechanism. HCMTMM in-
troduces the distillation learning mechanism based on Base-
line+Mamba. From the results in Fig. 7, distillation learning
can further improve the recognition performance.

G. Effectiveness of different attention mechanism

This paper constructs a global attention mechanism by
embedding the Mamba module for modeling the relationship
between action units in different facial regions, effectively
improving the ability of sentiment analysis. Compared with
the MSA mechanism, the Mamba model can model global
dependencies with less complexity. Therefore, this experiment
further validates the effectiveness of our model by comparing
the effects of different attention mechanisms. All the results
are shown in Fig. 8.
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Fig. 8. Accuracy of different attention mechanisms on four datasets.

H. Model size analysis

To facilitate the deployment of deep models on resource-
constrained mobile devices, the memory footprint of the
model is an important metric. In this section, we calculate
the memory footprint of different lightweight models. The
memory footprint includes the memory requirements of the
input, forward and backward processes, and model parameters.
All statistical results are shown in Table V.

TABLE V
SIZE OF DIFFERENT MODELS

Model Parameters Size (MB)
MicroExpNet [25] 65K 0.93

DDRGCN [70] 110K 0.48
Baseline 64K 0.92

HCMTMM 66K 0.95

As the results shown in Table V, the MicroExpNet needs
a 0.93MB memory footprint. Compared to the MicroExpNet,
the model size of HCMTMM increases by 0.02M. However,
in terms of the accuracy of emotion recognition, HCMTMM
has significantly better accuracy compared to MicroExpNet.

I. Inference speed of different models on ESP32-CAM board

To verify the testing performance of our proposed
HCMTMM on mobile devices, we used the commonly used
embedded development board ESP32-CAM. We compared the
derivation speed of several lightweight models. All experimen-
tal results are shown in Table VI.

TABLE VI
SPEED OF DIFFERENT MODELS ON ESP32-CAM

Model Speed (ms)
MicroExpNet [25] 85

Baseline 88
Baseline+MSA 101

HCMTMM 94

Table VI reports the inference speed of different models.
Although MicroExpNet achieves better performance compared
to HCMTMM, the difference in speed between the two models
is not significant. In terms of overall performance in terms of
model size, accuracy, and speed, our proposed model is more
suitable for mobile deployment.

V. CONCLUSION

The issues of limited computational resources and complex
dependence relationships of AUs have long been focal points
in the field of facial expression recognition. To address these
issues, we design an effective multi-loss distillation-based
TinyML model named HCMTMM by combining CNN and
Mamba modules. Compared to MSA, the Mamba module
can implement global dependency modeling with linear com-
putational complexity. Moreover, we construct a multi-loss
distillation learning to further enhance expression recognition
performance. The proposed model only has 66K parameters.
Comparative experiments on four publicly available datasets
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demonstrate that our proposed model outperforms embedded
deployment in terms of both accuracy and model size. In
addition, the porting and testing results on ESP32-CAM show
that the inference speed of our proposed model is also more
competitive. Our work is the first exploration of the hybrid
CNN-Mamba architecture in the real-time emotion analysis
task, and we also hope to bring a new direction in this
field. Due to the significant advantages in inference speed
and memory requirements of binary networks, the impact
of quantization errors can lead to a decrease in model per-
formance, such as recognition accuracy. In our future work,
we will investigate how to design high-performance binary
networks for sentiment recognition in mobile devices and
further improve our method’s performance in more complex
scenarios.
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