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Meta-MMFNet: Meta-Learning Based Multi-Model Fusion Network for
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Despite its wide applications in criminal investigations and clinical communications with patients suffering from autism, automatic
micro-expression recognition remains a challenging problem because of the lack of training data and imbalanced classes problems.
In this study, we proposed a meta-learning based multi-model fusion network (Meta-MMFNet) to solve the existing problems. The
proposed method is based on the metric-based meta-learning pipeline, which is specifically designed for few-shot learning and
is suitable for model-level fusion. The frame difference and optical flow features were fused, deep features were extracted from
the fused feature, and finally in the meta-learning-based framework, weighted sum model fusion method was applied for micro-
expression classification. Meta-MMFNet achieved better results than state-of-the-art methods on four datasets. The code is available at
https://github.com/wenjgong/meta-fusion-based-method.
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1 INTRODUCTION

Facial expressions reveal emotions and are important non-verbal communication cues. Micro-expressions are uncon-
scious momentary facial expressions that are difficult to recognize. They correlate with emotions accurately and reveal
real emotions even when they are intentionally concealed [5]. Micro-expression recognitions are widely applicable in
teaching evaluations [43], business negotiations [28], interrogations, and other fields.

One of the challenges of micro-expression recognition is the lack of micro-expression data. Deep learning models
are essentially data-driven, thus more training data usually produces better model generalization, which hinders their
applications in fields where data is scarce [1] as in micro-expression recognition. As a result, current research into micro-
expression recognition mainly focuses on feature extraction. Recently, optical flow features based methods [46], [38]
had dramatically improved the performances.
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Meta-learning based methods were proposed to deal with the lack of data problem. They are also known as methods of
“learning to learn” [41], which were inspired by the observation that human can learn knowledge from a small amount of
samples and generalize it to new data. A deep learning domain corresponds to a specific task, e.g., a cat-dog classification
problem, whereas the meta-learning domain is composed of various tasks. Knowledge gained over training tasks enables
quick adaptations to test tasks. Meta-learning has been successfully applied in few-shot image recognition [6] [37],
reinforcement learning, neural architecture search (NAS) [22] [35], unsupervised learning [27], etc.

Meta-learning based methods are categorized into three classes: metric-based, optimization-based, and model-based
methods. The core idea of metric-based meta-learning is similar to those of the nearest neighbor and kernel density
estimation methods, which solves the problem by learning an effective distance measure. Snell et al. [37] proposed
prototypical networks, which projected the support set into a feature space using clustering, calculated the average
feature of each class, and classified the query set using a nearest centroid method. A recent study by Chen et al. [3]
provided a metric-based meta-baseline, which pre-trained classifiers using all base classes, calculated the average
feature of the support set, and classified the query samples using cosine distances. Optimization-based meta-learning
methods extract meta knowledge to improve optimization performance. One representative model is the model-agnostic
meta-learning (MAML) [7], which trained the initial model parameters so that it had maximal performance on a new
task. Model-based meta-learning methods employ recurrent neural networks with explicit or implicit memories. One
noteworthy study is the memory-augmented neural network based on neural Turing machines [36], which used an
external memory storage to encode information explicitly and combined it with the long-term memory of the neural
network.

In this study, we employed metric-based meta-learning because it provides a natural solution for information fusion.
Information fusion is a classical machine learning method that fully exploits the input data [52] [29]. Generally, various
forms of information, e.g., extracted features, are partially different and overlapping. These representations are usually
fused in three ways: early fusion (a.k.a. feature fusion), deep fusion (fusion using deep neural networks), and late fusion
(a.k.a. model fusion). Early fusion requires data alignment for feature addition, and deep fusion requires architecture
design in the feature layer of deep neural networks [2]. In early fusion, features are concatenated [10] or added
together [24] to form a final feature representation, whereas late fusion operates in a later stage, e.g., the recognition
stage.

We focus on meta-learning fusion methods and explore the effect of various fusion methods for micro-expression
recognition. Various combination of features were evaluated. Furthermore, we argue that the pre-trained model using
macro-expressions and micro-expressions carry distinct information. Therefore, the prior knowledge of the micro-
expression and macro-expression is fused in the meta-learning framework. Metric-based meta-learning provides a
natural solution for model-level fusion, thus we utilize it as the basic architecture in this study. The contributions of
this study are as the followings.

(1) We proposed a novel meta-learning based method to solve the micro-expression recognition problem. Ex-
periments showed that the proposed method was effective with a limited number of micro-expression data
available.

(2) We carried out feature and model fusions in the metric-based meta-learning framework and achieved better
results than using a single feature or model.

(3) We evaluated the proposed Meta-MMFNet on three publicly available micro-expression datasets and one
composite dataset, and the proposed method achieved comparable performance to the state-of-the-art methods.
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2 RELATEDWORK

Existing micro-expression recognition methods are divided into two categories: traditional methods and deep learning
based methods. Traditional methods generally extract features from the input images and then use the extracted
information to optimize the parameters of the classic machine learning classifier. Deep learning method, on the other
hand, use deep neural network models to extract features and classify the input images.

2.1 Traditional Methods based Micro-expression Recognition

Local binary pattern (LBP) [31] and its variants are widely used appearance features for face recognition. Zhao et
al. [51] proposed a LBP on three orthogonal plane (LBP-TOP) feature to extract textures from input images. To reduce
the redundant information in the LBP-TOP, Wang et al. [42] proposed a LBP with six intersection points (LBP-SIP)
feature. The feature was generated by the intersection lines of three orthogonal planes to describe the dynamic facial
texture information.

Huang et al. [12] not only extracted LBP features as the sign-based difference between a center pixel and its neighbor
pixels, but also added direction and amplitude information, and the three components are combined to form a final
representation. Niu et al. [30] proposed a local two-order gradient pattern (LTOGP) feature, which used eight masks to
extract eight neighbor pixels’ two-order gradients.

In order to capture facial motions, optical flow feature [39] [50] was also introduced. Traditional micro-expression
recognition algorithms either operate over the entire micro-expression video sequence or a fraction of it. However, this
might cause redundancy due to high frequency videos captured using high-speed cameras. Liong et al. [21] proposed
that a video sequence could be denoted by its onset and apex frames, and proposed a bi-weighted oriented optical flow
(BI-WOOF) feature, in which the computed optical flow histogram was weighted twice to highlight facial motions. Lu
et al. [25] also used the onset and apex frames as inputs, and proposed a fusion of motion boundary histograms (FMBH)
feature, which combined gradient vector fields of different components of the optical flow feature.

2.2 Deep Learning based Micro-expression Recognition Methods

Deep learning has boosted algorithm performances on many research topics, including micro-expression recognition.
Commonly used deep learning models for micro-expression recognition includes convolutional neural networks (CNNs),
long- and short-term memory networks (LSTMs), etc. For example, Kim et al. [14] and Peng et al. [32] used CNNs to
encode spatial information, and LSTMs for temporal information.

In deep learning, data augmentation and transfer learning are two commonly used methods to deal with the lack of
data problem. Takalkar et al. [40] carried out data augmentation by merging multiple datasets of micro-expression,
and optimized CNN model parameters using the merged dataset. Alternatively, Peng et al. [33] performed transfer
learning to solve this problem. They pre-trained the deep learning model using large-scale macro expression datasets,
and fine-tuned the modle parameters using micro-expression data.

To encode subtle facial movements, motion features are further introduced. Khor et al. [13] used optical flow and
optical strain features as inputs which contain dynamic facial information. Based on the pre-trained Resnet18, Liu et
al. [23] used adversarial training to learn domain invariant features from optical flow features extracted after applying
Eulerian video magnification technology (EVM) [44]. Quang et al. [34] employed both transfer learning and data
enhancement techniques to reduce the risk of overfitting during model training. Gan et al. [8] calculated the horizontal
and vertical components of the optical flow feature between the onset and the apex frames, designed a dual-stream
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Fig. 1. Overall Structure of the Proposed Meta-MMFNet (Meta-learning based Multi-model Fusion Network) Method

network to extract the information for the two components. Outputs from the two streams are fused for further 
classification.

3 META-MMFNET FOR MICRO-EXPRESSION RECOGNITION

We consider micro-expression recognition as a few-shot classification problem and use a metric-based meta-learning 
based framework to solve it. We follow a standard 𝑁 -way 𝐾-shot classification task definition, which is usually divided 
into two stages. The training stage is responsible for learning from the the support set 𝑆 , and the test stage involves 
predicting micro-expression labels for the query set 𝑄 . 𝑁 denotes that the support set are from 𝑁 different classes, and 
𝐾 is the number of labelled training samples in each class of a task. The query set data samples are also drawn from 
these 𝑁 categories, and the goal of a 𝑁 -way 𝐾-shot classification task is to classify unlabelled samples in the query set 
as one of the 𝑁 categories.

Using this protocol, we experimented with various combinations of the optical flow and frame difference features 
calculated from the onset and apex frames. The fused features were input into the deep feature extraction model. We 
introduced prior knowledge from micro-expression and macro-expression data using pre-trained deep learning models, 
and studied various methods for fusing them in the metric-based meta-learning framework. Figure 1 illustrates the 
overall structure of this study.

We conducted experiments on three public micro-expression datasets: the Spontaneous Micro-expression Corpus 
(SMIC) Dataset, the Chinese Academy of Sciences Micro-expression (CASME) Dataset, and the CASME II Dataset, and 
achieved state-of-the-art performances. Furthermore, we synthesized the three datasets into a composite dataset and 
evaluated the proposed method on the composite dataset.

3.1 Data Preparation

First, we used Active Shape Model (ASM) [4] to detect and crop the face area. Faces were then aligned to a reference 
face based on extracted key points, as shown in Figure 2. Motion features extracted from aligned faces are intrinsically 
more effective descriptors. In addition, we carried out data augmentation to deal with the unbalanced class problem. 
Images from classes that contain fewer data samples were flipped horizontally. For example, for the CASME dataset, 
all categories except “tense” were flipped horizontally, and for the CASME II dataset, all data samples were flipped 
horizontally except those from the “others” category. Following the standard settings for evaluating few-shot learning 
approaches, micro-expression recognition problems on the CASME and CASME II datasets are formulated as 4-way 
5-shot classification tasks, and that on the SMIC dataset as a 3-way 5-shot task.
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(a) The Original Image Frame (b) Preprocessed Image

(c) The Original Image Frame (d) Preprocessed image

Fig. 2. Preprocessing of Image Frames

3.2 Feature Fusion Method

In this study, we consider two commonly used features for micro-expression recognition: the frame difference [19] and
optical flow [16] features. These features capture subtle muscle movements crucial for micro-expression recognition.
The frame difference feature computes per-pixel intensity variations between two frames, whereas the optical flow
extracts the pixel motion between them.

Previous studies showed that features extracted between the onset and apex frames of video sequences were most
effective for micro-expression recognition [20]. Therefore, we extracted the optical flow and frame difference features
between these frames. The frame difference was computed on RGB channels, respectively. For the optical flow, we used
the Gunnar Farneback algorithm to extract dense features. The horizontal and vertical components of the optical flow
were further utilized to compute the motion magnitude. These three components were then normalized, respectively.
The three normalized components constituted the three channels of the optical flow feature representation.

We evaluated three feature settings: one single feature of frame difference or optical flow, and a fused representation
of two features concatenated together. Experiments showed that the fused feature achieved the best performance. It
outperformed the frame difference with a margin of 14.64%, and the optical flow with a margin of 10.98% on the SMIC
dataset. Thus, we used the fused feature as the final feature representation.

The optical flow and frame difference features are intrinsically complementary. The optical flow includes directions
and magnitudes, whereas the frame difference computes the intensity variations per-pixel. If we examine features
extracted from exemplary images of the “surprise” class in the three evaluated datasets, as shown in Fig. 3, we can
observe that all three examples involve brow movements. The ground truth AU (action unit) annotations support this
observation: the video sequences of the “surprise” class are characteristic for AU1 and AU2, both related with brow
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(a) Exemplary optical flow (CASME II) (b) Exemplary optical flow (SMIC) (c) Exemplary optical flow (CASME)

(d) Exemplary frame difference (CASME I I) (e) Exemplary frame difference (SMIC) (f) Exemplary frame difference (CASME)

Fig. 3. Exemplary Optical Flow (On The First Row) From Three Datasets And Their Corresponding Frame Difference (On The Second 
Row). For Frame Difference, Red Colour Denotes Big Frame Difference Value and Blue Colour Denotes Small Value.

movements. We also observe that the when there are relatively fewer moving pixels (most of the pixels in the frame 
difference are marked with blue), frame difference feature prevails. For example, the frame difference outperformed 
the optical flow feature in micro-expression recognition with a margin of 7.14% for the CASME II dataset. On the 
contrary, when there are strong responses in both features as in the case of the CASME dataset, two features performed 
comparable and the fused feature outperformed with a margin of 5.56%.

3.3 Meta-Learning Based Multi-Model Fusion Network

The fused features were further processed by Resnet18 based feature extraction models. The extracted deep features 
were then fed into metric-based meta-learning pipelines for recognition. The metric-based pipeline computed support 
set centroid for every class and classified the query set using a nearest neighbour method. We employed the commonly



313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

Meta-MMFNet: Meta-Learning Based Multi-Model Fusion Network for Micro-Expression Recognition 7

Resnet18 Resnet18
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Fig. 4. The Network Structure of the Proposed Meta-MMFNet (Meta-learning based Multi-model Fusion Network) Method

used cosine similarity distance measure in the pipeline. We studied the fusion of micro-expression and macro-expression
priors in the metric-based pipeline and proposed a meta-model-fusion method.

3.3.1 Network Structure. The Meta-MMFNet method consists of three modules: the deep feature extraction module,
the metric-based distance computation module, and the model fusion module.

Related studies utilized prior knowledge from other domains through pre-trained deep neural networks. Based on the
this, we designed the deep feature extraction module to incorporate prior knowledge frommicro- and macro-expressions.
Then, a standard metric-based meta-learning pipeline was applied to calculate the mean feature for every class, and
the cosine distances for every data sample of the query set. The last module aimed to fuse the incorporated micro-
and macro-priors. We evaluated two fusion settings: concatenating deep features extracted using the Resnet18 based
models, and weighted sum of cosine distances calculated using the metric-based pipelines. Experiments showed that the
weighted sum of model fusion method outperformed the feature-level fusion method, on average, by 5.16% . Therefore,
we chose the weighted sum model fusion method as the final solution. The network architecture of the proposed method
is illustrated in Fig. 4. It consists of two data processing streams. The micro-stream encodes the micro-expression prior,
and the macro-stream encodes the macro-expression prior. These two streams were fused using a model-fusion method.

3.3.2 Micro- and Macro-Priors. The deep feature extraction module used Resnet18 as its backbone. Resnet18 based
models were optimized using the micro- andmacro-expression data, respectively, in the pre-training phase to incorporate
priors from these two domains. The fully connected layers for expression classification were then removed, and the
remaining layers were utilized as deep feature extractors.

The deep feature vectors extracted using the above-mentioned feature extractors were sent to the two stream
metric-based meta-learning pipelines, in which features from one class were averaged to compute a mean feature
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vector:
𝑤𝑐 =

1
|𝑆𝑐 |

∑︁
𝑥 ∈𝑆𝑐

𝑓𝜃 (𝑥), (1)

where 𝑓𝜃 represents the feature extractor, 𝑓𝜃 (𝑥) denotes the deep feature vector of data sample 𝑥 , 𝑆𝑐 is the sample
cluster of class 𝑐 in the support set 𝑆 , and the result𝑤𝑐 is the centroid of class 𝐶 .

We used cosine similarities to calculate the distance between the support set centroids and each sample of the query
set. The distance measure was further processed by a softmax function to obtain the probability for further classification:

𝑝𝑐𝑖 = 𝑝 (𝑦 = 𝑐 |𝑥𝑖 ) =
𝑒𝑥𝑝 (< 𝑓𝜃 (𝑥𝑖 ),𝑤𝑐 >)∑
𝑐′ 𝑒𝑥𝑝 (< 𝑓𝜃 (𝑥𝑖 ),𝑤𝑐′ >)

, (2)

where < 𝑓𝜃 (𝑥),𝑤𝑐 > represents the cosine distance between the encoded query set feature 𝑓𝜃 (𝑥) and centroid vector
𝑤𝑐 .

The loss function was defined as the cross-entropy loss between the predicted distribution of the query set and the
ground truth distribution:

𝐿𝑜𝑠𝑠 = −
𝑛∑︁
𝑖=1

𝑌𝑖𝑙𝑜𝑔𝑃𝑖 , (3)

where 𝑃𝑖 = [𝑝1
𝑖
, 𝑝2

𝑖
, . . . , 𝑝𝐶

𝑖
] is the predicted distribution, 𝐶 is the total number of micro-expression categories, and

𝑌𝑖 = [𝑦1
𝑖
, 𝑦2

𝑖
, . . . , 𝑦𝐶

𝑖
] denotes the ground truth distribution of the 𝑖-th data sample. We used this loss to update micro-

and macro-streams, respectively. Data stream incorporated with micro-prior (connected with orange dashed lines) and
data stream with macro-prior (connected with blue dashed lines) were processed separately in two data streams, as
illustrated in Fig. 4.

In the ablation study of the experiment section, we compared the performances of the micro- and macro-prior
processing data streams. Experiments showed that the two data streams could be combined to enhance the overall
classification performance. For example, for the “disgust” category of the CASME dataset, the prediction accuracy of the
micro-model was 7.5% higher than that of the macro-model, and the prediction accuracy of the fused model was 1.79%
higher than that of the micro-model. For the “happiness” category of the CASME II dataset, the prediction accuracy of
macro-model was 12.5% higher than that of the micro-model and the prediction accuracy of fused model was 3.34%
higher than that of the macro-model.

3.3.3 Weighted Sum Model Fusion. The two data streams were subsequently combined to enhance micro-expression
recognition performance. The calculated distance of the two streams were added using a weighted sum:

𝑑𝑖𝑠𝑢𝑚 = 𝑑𝑖𝑚𝑖𝑐𝑟𝑜 + 𝛼𝑑𝑖𝑚𝑎𝑐𝑟𝑜 , 𝑖 ∈ {1, 2, . . . , 𝑐}, (4)

𝑖 𝑖
𝑚

where 𝑐 is the total number of support set categories, 𝛼 is the weight, and 𝑑
𝑚𝑖𝑐𝑟𝑜 and 𝑑 𝑎𝑐𝑟𝑜 denote the cosine similarity 

distances calculated in the micro- and macro-streams, respectively.
The weight 𝛼 in Equation 4 was learned through experiments. Following the widely used micro-expression 

evaluation protocol, we applied leave-one-subject-out (LOSO) validation method. LOSO means to retain the sample 
data of one subject for verification and the sample data of all other subjects for training. The effectiveness of the 
method was then evaluated by iterating through all possible scenarios to calculate the overall accuracy. Once we 
selected the subject 𝑆𝑡𝑒 for verification, another subject 𝑆𝛼 was randomly selected to compute the weight 𝛼 . All 
subjects, except the select two, formed the training set. Each value in the set 𝛼 ∈ {0.1, 0.2, . . . , 1} was tested on the 
subject 𝑆𝛼 , and the value with the
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highest prediction accuracy was set as the final weight for predicting the label of the subject 𝑆𝑡𝑒 . The actual weights
used in the experiments are listed in Table 1.

Table 1. Weight Values in Evaluation

Dataset CASME II CASME SMIC

Weight 1 0.4 0.1

The weighted distance value 𝑑𝑖𝑠𝑢𝑚 was then used to compute the nearest neighbour to predict the ME (micro-
expression) class label.

4 EXPERIMENTS

4.1 Evaluation Datasets

Table 2. Compositions of the Evaluated Micro-expression Datasets

Datasets Number Of Subjects Number Of Samples Frame Rate Resolutions AU and Apex Annotations

CASME 19 195 60 1280×720,640×480 ✓
CASME II 26 255 200 640×480 ✓
SMIC 16 164 100 640×480 ×

We conducted experiments on three commonly used micro-expression datasets: the SMIC dataset, the CASME datast,
and the CASME II dataset. The compositions of these datasets are listed in Table 2.

The CASME dataset [48] consists of 195 video samples from 19 subjects. The frame rate of the micro-expression
video sequences are 60fps, and the video frame resolutions are 1280 × 720 and 640 × 480, respectively. All data samples
are divided into eight expression categories: “happiness,” “surprise,” “disgust,” “sadness,” “tense,” “repression,” “fear,” and
“contempt.” The data samples of these eight emotions are highly unbalanced.

The CASME II dataset [49] contains 255 video sequences, which were recorded from 26 subjects by a high-speed
camera with a frame rate of 200fps. The video frame resolutions are 640 × 480. This dataset contains seven expression
categories: “happiness,” “others,” “disgust,” “repression,” “surprise,” “sadness,” and “fear.” Both CASME and CASME II
datasets provide apex frame and AU annotations.

The SMIC dataset [17] consists of 164 video sequences, which were recorded with a frame rate of 100fps. The
resolutions are 640× 480. Most of the subjects in this dataset are Asian. The dataset contains three expression categories:
“positive,” “negative,” and “surprise.”

4.2 Experiment Settings

In the pre-training phase, we used a SGD optimizer with the momentum sest 0.9, and the learning rate is 0.01. We
trained 50 epochs with a batchsize of 128 on a GPU. The weight decays is 0.0005. In the meta-learning stage, we use the
SGD optimizer with momentum of 0.9, batch size of 4 and fixed learning rate of 0.05, that is, each training batch contains
four few-shot tasks to calculate the average loss. At the same time, during the training, for the three micro-expression
data sets, we enhance the data by flipping part of the data horizontally, which alleviates the problem of data imbalance
to a certain extent.
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We solved the micro-expression recognition problem as few-shot classification tasks, namely a N-way K-shot
classification problem. For the three evaluated datasets, K was all set as 5, and the value of N depended on the number
of categories in the dataset. For example, for the SMIC data set, we performed 3-way 5-shot classification tasks, while
for the CASME and CASME II datasets, we performed 4-way 5-shot classification tasks.

We adopted a leave-one-subject-out (LOSO) cross-validation evaluation method. Specifically, we sequentially left out
one subject as test, and all the remaining subjects were used as training. This process is repeated n (the number of
subjects in the micro-expression dataset) times, and the final accuracy was computed over all subjects.

The data cluster scale of each micro-expression category varies dramatically. Some data cluster contains very few
data samples, thus we omitted these categories. For the CASME dataset, we studied expressions that consists of more
than 10 samples. For the CASME II dataset, we considered expressions that consists of more than 10 samples except the
category “others.” All categories from the SMIC dataset were included in the experiments.

The SMIC dataset does not provide apex frame annotations, thus we picked the middle frame between the onset and
offset frames as the apex frame. Before feature extraction, we scaled all cropped sample images to the dimensions of
80 × 80.

To evaluate the proposed method, we conducted single data set comparison experiment, model selection experiment,
and composite database evaluation (CDE) experiment. We compared the performances based on prediction accuracies,
i.e. the ratio of the correctly classified query samples to the whole query set.

4.3 Evaluation Metrics

Following the standard measurement, we evaluated the performance of the proposed method using prediction accuracy.
Prediction accuracy is calculated as the proportion of correctly classified negative samples to the total number of
negative samples, formulated as follows:

acc =
𝑁correct
𝑁total

, (5)

where 𝑁correct denoted the number of samples that are correctly predicted, and 𝑁total represents the total number of
samples.

In addition to prediction accuracy, we also computed and visualized confusion matrices. Confusion matrix also
evaluates the performance of a classification method and describes the distinctions among classes. The row and column
elements in a confusion matrix correspond to the ground-truth and predicted categories, respectively. And the diagonal
elements denotes correctly classified samples. The confusion matrices provide an overview of classification performances
over all categories.

4.4 Ablation Study

Table 3. Ablation Study

Models Dataset
CASME CASME II SMIC

Micro-model 0.6815 0.7733 0.6220
Macro-model 0.6051 0.7733 0.5244
Meta-MMFNet 0.6959 0.8095 0.6313
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In this section, we evaluated the proposed method quantitatively. We conducted ablation studies to observe the
effectiveness of model fusion. We carried out three experiments on each of the three micro-expression datasets to
evaluate performances of various model configurations.

(1) micro-model (micro-prior processing data stream) experiment, in which the pre-trained model with micro-
expression dataset were utilized as a feature extractor, followed by the metric-based meta-learning pipeline,
and finally a micro-expression classification module.

(2) Macro-model (macro-prior processing data stream) experiment, in which the pre-trained model with macro-
expression dataset were utilized as a feature extractor, followed by the metric-based meta-learning pipeline,
and finally a micro-expression classification module.

(3) Meta-MMFNet experiment, in which micro- and macro-models were pre-trained using micro- and macro-
expression datasets, respectively, and followed by the metric-based meta-learning pipeline, and finally a
weighted sum fusion module for the nearest neighbour classification.

Table 3 evaluated the above-mentioned models for micro-expression recognition and compared average prediction
accuracies over all categories. The micro-model performed better than the macro-module, and the fused model achieved
the best performance among the three. In summary, the significant increase in accuracy clearly proves the effectiveness
of the proposed model fusion strategy for micro-expression recognition.

4.5 Comparisons with the State-of-the-art Methods

Table 4. Performance Comparisons between the Proposed Meta-MMFNet and the State-of-the-art Methods on the CASME Dataset

Methods CASME Dataset
Disgust Surprise Repression Tense Overall

STCLQP [12] 0.64 0.50 0.53 0.58 0.5731
LBP-SIP [42] - - - - 0.3684
FHOFO [9] - - - - 0.6599
MER-RCNN [45] - - - - 0.632
STLBP-RIP [11] 0.5682 0.6 0.4211 0.8136 0.5906
DiSTLBP-RIP [11] 0.7273 0.6 0.5263 0.6667 0.6433
LGCcon [18] 0.57 0.8 0.21 0.77 0.6082
3DFCNN [15] - - - - 0.5444
Our Macro-model 0.625 0.8889 0.4242 0.6061 0.6051
Our Micro-model 0.7 0.8889 0.5758 0.6667 0.6815
Our Meta-MMFNet 0.7179 0.9412 0.5357 0.6875 0.6959

Table 5. Performance Comparisons between the Proposed Meta-MMFNet and the State-of-the-art Methods on the CASME II Dataset

Methods CASME II Dataset
Surprise Repression Happiness Disgust Overall

DTCM [26] - - - - 0.7206
Our Macro-model 0.8929 0.5926 0.6563 0.8571 0.7733
Our Micro-model 0.9643 0.5926 0.5313 0.8889 0.7733
Our Meta-MMFNet 0.8929 0.5926 0.6897 0.9206 0.8095
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Table 6. Performance Comparisons between the Proposed Meta-MMFNet and the State-of-the-art Methods on the SMIC Dataset

Methods SMIC Dataset
Surprise Positive Negative Overall

LBP-SIP [42] - - - 0.4212
FDM [47] 0.53 0.66 0.41 0.5488
MER-RCNN [45] - - - 0.571
FHOFO [9] - - - 0.5122
Hierarchical STLBP-IP [53] - - - 0.6078
FR [52] - - - 0.579
3DFCNN [15] - - - 0.5549
Our Macro-model 0.6512 0.5686 0.4143 0.5244
Our Micro-model 0.7442 0.5294 0.6143 0.6220
Our Meta-MMFNet 0.7561 0.5600 0.6087 0.6313

We compared the proposed Meta-MMFNet method with the state-of-the-art methods, and listed the results in Table 4, 
Table 5, and Table 6. The comparison is performed under the same classification settings of the same database. We 
conducted rigorous experiments on three databases. It can be observed that the method based on meta-fusion shows 
good performance on all three data sets, and the experiments showed that our method achieved better performance 
than the 3DFCNN, LGCcon, and other methods.

From the tables, we observed that various methods achieved the highest accuracy for every category of the evaluated 
datasets. For example, the STLBP-RIP method achieved the highest prediction accuracy for the “tense” category of the 
CASME dataset, but its overall accuracy was lower than the proposed Meta-MMFNet method. Although the micro-model 
achieved the highest prediction accuracy for the “repression” category of the CASME dataset, the “surprise” category 
of the CASME II dataset, and the “negative” category of the SMIC dataset,the overall performance of the proposed 
Meta-MMFNet method outperformed all the compared methods.

The confusion matrices of the proposed method on the evaluated datasets are shown in Fig. 5. From the figures, 
we observed that the “surprise” and “disgust” categories were easy to distinguish from other categories. In contrast, 
the “repression,” “tense,” and “happiness” categories were relatively difficult to recognize. The “repression” and “tense” 
categories were the most easily confused categories.

Furthermore, we plotted the loss and accuracy value variations during the training process in Fig. 6. Figure 6 plotted 
the training curves of all subjects from the CASME II dataset. Subfigure (a) showed the training accuracy and loss 
variations using a model pre-trained with macro-expression dataset, and subfigure (b) showed the training accuracy 
and loss variations with micro-expression dataset. We observed that the proposed Meta-MMFNet model had higher 
generalization ability after pre-training. For each subject, it required only six epochs. In the 4th epoch, the loss and 
accuracy variations reached plateaus. Compared with the model pre-trained using macro-expression data, the overall 
training stage of the model pre-trained using the micro-expression data is more stable.

To provide an intuitive impression about the classification results, we visualized correctly and incorrectly predicted 
test examples for each category of the CASME (Fig. 7), CASME II (Fig. 8), and SMIC (Fig. 9) datasets. For each test 
instance, we showed three image frames, namely the onset, apex, and offset frames. Although the micro-expression 
action is subtle and hard to detect through visual comparison, we observed that existed facial motion variations between 
the correctly classified examples and misclassified examples. For metric-based methods, samples that were far away 
from the centroid of every category in the feature space may be excluded, thus those samples with special action units
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Fig. 5. Confusion Matrices of the Proposed Meta-MMFNet Method on the Evaluated Datasets

may not be correctly labelled. For example, for the CASME II dataset (Fig. 8), the ground-truth label of the sample in
subfigure (b) is “surprise”, but it is misclassified as “repression”. Its ground-truth action unit is no. 25, AU no. 25 only
occurred twice for all the “surprise” samples of the CASME II dataset. Thus, the feature vector of the test sample is far
away from the class prototype, so it is difficult to get the correct classification.

4.6 Composite Database Evaluation

Furthermore, we synthesized data samples from the three micro-expression datasets to form one dataset and evaluated
the proposed method on the composite dataset. Because the original labels of the three datasets were inconsistent, we
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Fig. 6. Accuracy and Loss Variations of the proposed Meta-MMFNet model during Training on the CASME II dataset

Table 7. Composite Dataset Annotations

Datasets Composite Database Evaluation (CDE) Dataset Categories
Surprise Positive Negative

CASME Surprise Happiness Disgust,Repression,Tense,Sadness,Fear,Comtempt
CASME II Surprise Happiness Disgust,Repression,Fear,Sadness
SMIC Surprise Positive Negative

relabelled the video sequences into three categories: “positive,” “negative,” and “surprise.” The relations between the
original and composite dataset annotations are listed in Table 7.

Table 8. Experimental Results of the Composite Database Evaluation

Method Surprise Positive Negative Average Accuracy Overall Accuracy

LBP-SIP [42] - - - 0.3948 -
FHOFO [9] - - - 0.5861 -
3DFCNN [15] - - - 0.5497 -
Our Meta-MMFNet - - - 0.7122 -
Our Meta-MMFNet_retrain 0.8736 0.5275 0.7855 - 0.7526

Composite Database Evaluation (CDE) evaluates the performance of an approach on a bigger and more complex 
dataset. Table 8 presents the experimental results of the proposed method on the composite dataset. For comparison, 
we computed the average prediction accuracies of other methods, e.g., the average prediction accuracy of the proposed 
Meta-MMFNet was the mean of the overall prediction accuracies on the three evaluated datasets. From the table, we 
can observe that by retraining on the CDE dataset, we enhanced the overall accuracy by 4.04% compared with the 
Meta-MMFNet method. Thus, even for few-shot learning, enriching the dataset by introducing more data samples and 
variations may enhance the model performance.
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(a) Correctly predicted example from the “surprise” class (b) Misclassified example from the “surprise” class

(c) Correctly predicted example from the “repression” class (d) Misclassified example from the “repression” class

(e) Correctly predicted example from the “tense” class (f) Misclassified example from the “tense” class

(g) Correctly predicted example from the “disgust” class (h) Misclassified example from the “disgust” class

Fig. 7. Correctly and Incorrectly Classified Examples of the CASME Dataset

5 CONCLUSIONS AND FUTUREWORK

In this study, we investigated the application of meta-learning based multi-model fusion network(Meta-MMFNet) in
the micro-expression recognition field. In contrast to existing deep-learning methods, we used meta-learning-based
methods to process the fused feature of the frame difference and optical flow features. The fused features were further
processed by a micro-model and a macro-model for deep feature extraction, and distance computations in a metric-
based meta-learning pipelines, respectively. Finally, two distance measures were fused using a weighted sum and
a micro-expression class label was predicted using a nearest neighbour method. The proposed Meta-MMFNet was
evaluated on four databases: the CASME, CASME II, SMIC, and composite datasets. The experimental results indicated
that the proposed Meta-MMFNet was accurate and efficient compared with the state-of-the-art methods. There is still
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(a) Correctly predicted example from the “surprise” class (b) Misclassified example from the “surprise” class

(c) Correctly predicted example from the “repression” class (d) Misclassified example from the “repression” class

(e) Correctly predicted example from the “happiness” class (f) Misclassified example from the “happiness” class

(g) Correctly predicted example from the “disgust” class (h) Misclassified example from the “disgust” class

Fig. 8. Correctly and Incorrectly Classified Examples of the CASME II Dataset

much room for improvement for the proposed method. The standard procedure of computing optical flow features 
is separated with the recognition procedure so the input features are not tailored to fit the task and hinders further 
improvement of the proposed method.

In the future, we will explore other meta-learning based methods for solving the micro-expression recognition 
problem. First, we would like to explore more efficient feature extraction measures, because the optical flow feature, 
the standard feature used for micro-expression recognition, is hand crafted. In order to improve the performance, we 
would resort to extracting motion features using more efficient deep learning models, such as X3D networks, which 
extracts effective temporal features with a relatively small-scale network. Also, we would like to combine the proposed 
method with micro-expression detection method in the further work to obtain a holistic micro-expression analysis 
system. Currently, almost all micro-expression recognition methods are using additional annotations, such as ground
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(a) Correctly predicted example from the “surprise” class (b) Misclassified example from the “surprise” class

(c) Correctly predicted example from the “positive” class (d) Misclassified example from the “positive” class

(e) Correctly predicted example from the “negative” class (f) Misclassified example from the “negative” class

Fig. 9. Correctly and Incorrectly Classified Examples of the SMIC Dataset

truth apex frames and onset frames for computing input features. We believe through fusing multi-modal information
from detection, we would improve applicability of the method by getting rid of these extra annotations.
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