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Abstract

Micro-expressions are spontaneous, rapid and subtle fa-
cial movements that can neither be forged nor suppressed.
They are very important nonverbal communication clues,
but are transient and of low intensity thus difficult to rec-
ognize. Recently deep learning based methods have been
developed for micro-expression (ME) recognition using fea-
ture extraction and fusion techniques, however, targeted
feature learning and efficient feature fusion still lack fur-
ther study according to the ME characteristics. To address
these issues, we propose a novel framework Feature Repre-
sentation Learning with adaptive Displacement Generation
and Transformer fusion (FRL-DGT), in which a convolu-
tional Displacement Generation Module (DGM) with self-
supervised learning is used to extract dynamic features from
onset/apex frames targeted to the subsequent ME recogni-
tion task, and a well-designed Transformer Fusion mecha-
nism composed of three Transformer-based fusion modules
(local, global fusions based on AU regions and full-face fu-
sion) is applied to extract the multi-level informative fea-
tures after DGM for the final ME prediction. The extensive
experiments with solid leave-one-subject-out (LOSO) eval-
uation results have demonstrated the superiority of our pro-
posed FRL-DGT to state-of-the-art methods.

1. Introduction

As a subtle and short-lasting change, micro-expression
(ME) is produced by unconscious contractions of facial
muscles and lasts only 1/25th to 1/5th of a second, as illus-
trated in Figure 1, revealing a person’s true emotions under-
neath the disguise [8,35]. The demands for ME recognition
technology are becoming more and more extensive [2, 18],
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Figure 1. A video sequence depicting the order of which onset,
apex and offset frames occur. Sample frames are from a “surprise”
sequence in CASME II. Our goal is to design a novel feature rep-
resentation learning method based on an onset-apex frame pair for
facial ME recognition. (Images from CASME II ©Xiaolan Fu)

including multimedia entertainment, film-making, human-
computer interaction, affective computing, business nego-
tiation, teaching and learning, etc. Since MEs have invol-
untary muscle movements with short duration and low in-
tensity in nature, the research of ME is attractive but diffi-
cult [1, 22]. Therefore, it is crucial and desired to extract
robust feature representations to conduct ME analyses.

A lot of feature representation methods are already avail-
able including those relying heavily on hand-crafted fea-
tures with expert experiences [4, 11, 25] and deep learning
techniques [33, 36, 40]. However, the performance of deep
learning networks is still restricted for ME classification,
mainly due to the complexity of ME and insufficient train-
ing data [28, 47]. Deep learning methods can automatically
extract optimal features and offer an end-to-end classifica-
tion, but in the existing solutions, dynamic feature extrac-
tion is only taken as a data preprocessing strategy. It is not
integrated with the subsequent neural network, thus failing
to adapt the generated dynamic features to a specific train-
ing task, leading to redundancy or missing features. Such
shortcoming motivates us to design a dynamic feature ex-
tractor to adapt the subsequent ME recognition task.



In this paper, we propose a novel end-to-end feature rep-
resentation learning framework named FRL-DGT, which
is constructed with a well-designed adaptive Displacement
Generation Module (DGM) and a subsequent Transformer
Fusion mechanism composed of the Transformer-based lo-
cal, global, and full-face fusion modules, as illustrated in
Figure 2, for ME feature learning to model global informa-
tion while focusing on local features. Our FRL-DGT only
requires a pair of images, i.e., the onset and the apex frames,
which are extracted from the frame sequence.

Unlike the previous methods which extract optical flow
or dynamic imaging features, our DGM and corresponding
loss functions are designed to generate the displacement be-
tween expression frames, using a convolution module in-
stead of the traditional techniques. The DGM is involved
in training with the subsequent ME classification module,
and therefore its parameters can be tuned based on the feed-
back from classification loss to generate more targeted dy-
namic features adaptively. We shall emphasize that the la-
beled training data for ME classification is very limited and
therefore the supervised data for our DGM is insufficient.
To handle this case, we resort to a self-supervised learning
strategy and sample sufficient additional random pairs of
image sequence as the extra training data for the DGM, so
that it is able to fully extract the necessary dynamic features
adaptively for the subsequent ME recognition task.

Regarding fusing the dynamic features extracted from
DGM, we first adopt the AU (Action Unit) region partition-
ing method from FACS (Facial Action Coding System) [49]
to get 9 AUs, and then crop the frames and their displace-
ments into blocks based on the 9 AUs and the full-face re-
gion as input to the Transformer Fusion. We argue that the
lower layers in the Transformer Fusion should encode and
fuse different AU region features in a more targeted way,
while the higher layers can classify MEs based on the infor-
mation of all AUs. We propose a novel fusion layer with at-
tentions as a linear fusion before attention mechanism [45],
aiming at a more efficient and accurate integration of the
embedding vectors. The fusion layers are interleaved with
Transformer’s basic blocks to form a new multi-level fusion
module for classification to ensure it to better learn global
information and long-term dependencies of ME.

To summarize, our main contributions are as follows:

• We propose a novel end-to-end network FRL-DGT
which fully explores AU regions from onset-apex pair
and the displacement between them to extract compre-
hensive features via Transformer Fusion mechanism
with the Transformer-based local, global, and full-face
feature fusions for ME recognition.

• Our DGM is well-trained with self-supervised learn-
ing, and makes full use of the subsequent classifica-
tion supervision information in the training phase, so

that the trained DGM model is able to generate more
targeted ME dynamic features adaptively.

• We present a novel fusion layer to exploit the linear
fusion before attention mechanism in Transformer for
fusing the embedding features at both local and global
levels with simplified computation.

• We demonstrate the effectiveness of each module with
ablation study and the outperformance of the proposed
FRL-DGT to the SOTA methods with extensive exper-
iments on three popular ME benchmark datasets.

2. Related Works
Micro-expression Recognition related technologies [1,

22,23,36,43] mainly fall into two types. One category [25]
(e.g., EMRNet [26], STSTNet [24] and DSSN [15]) uses
only onset and apex frames. Dynamic features (e.g., optical
flow [11]) between the two frames are extracted and fed into
a 2D CNN, reducing the computation cost while retaining
most of the features [14, 33, 48]. In the other category, a
sequence of dynamic feature maps between every two ad-
jacent frames are extracted and learned by a time series
network or a 3D CNN (e.g., ELRCN [16], STRCN-A [41]
and 3DFlowNet [19]), taking the spatio-temporal features
from the whole sequence as input. The entire image se-
quence can also be compressed into a single dynamic fea-
ture map (e.g., dynamic imaging [4,40]) and then processed
(e.g., LEARNet [40] and AffectiveNet [39]), maintaining
both high-level and micro-level information. However, the
LOSO validation accuracy of networks based on image se-
quences is generally lower than those using image pairs as
input, probably because the information redundancy makes
it difficult to focus on the most important features. Fol-
lowing the mainstream methods, our FRL-DGT model also
takes an onset-apex frame pair as input, but we still extend
it on the whole sequence to validate its superiority.

Dynamic Features are good at capturing subtle changes
existing in the frame sequences. As a common type, optical
flow and its variants (e.g., Bi-WOOF [25] and MDMO [27])
can estimate the direction and magnitude of the displace-
ment between two frames and extract the inter-frame mo-
tion information. Another useful type is dynamic image [4],
which is a single RGB image obtained by compressing both
the spatial information and temporal dynamic features from
the image sequence. To some extent, both these two kinds
of dynamic features have been successfully applied to ME
recognition [25, 40]. Instead of using the common dynamic
features, we design an adaptive DGM into the end-to-end
pipeline so that we are able to extract the more targeted dy-
namic features for ME classification.

Visual Transformers [3, 6, 7, 38] have evolved rapidly
with powerful variants developed for image and video clas-
sification. The input frames are split into evenly divided



Figure 2. The overview of FRL-DGT which is an end-to-end structure. Given an input video clip, we firstly crop the front face regions and
then select an onset-apex pair of frames as the input of Displacement Generation Module (DGM) to calculate the displacement adaptively.
The Transformer Fusion composed of three modules, i.e., local fusion module, global fusion module, and full-face fusion module, takes the
onset-apex pair and the displacement between them as input to extract the final feature representation via both patch and integral feature
fusion with Transformer for classification on ME categories. In addition, the random pairs of frames are used as auxiliary data to self-
supervise the training of DGM. (Images from CASME II ©Xiaolan Fu)

fixed-size patches, which are linearly projected into tokens
and fed into a Transformer encoder. Obviously, such di-
vision may divide the key parts into different patches, and
is independent of image content. Inspired by Transformer
iN Transformer (TNT) [13] and Swin Transformer [29], we
take AU regions as input to our Transformer Fusion to ex-
tract local features and learn global information.

3. Proposed Method
We propose a novel end-to-end ME recognition network,

named FRL-DGT, as shown in Figure 2. It takes an onset-
apex image pair from a frame sequence as input, and gener-
ates displacement features between them through the DGM
trained with self-supervision (Section 3.1). The displace-
ment is concatenated with the corresponding onset-apex
pair, cropped according to the AU regions and full-face re-
gion, and then fed into the Transformer Fusion (Section 3.2)
to obtain strong feature representation for ME classification.

3.1. Displacement Generation Module with Self-
supervised Learning

The Displacement Generation Module (DGM) here is
designed to extract the adaptive dynamic features for the
specific ME task. It takes the onset-apex image pair as input
and outputs a pixel displacement feature map D between

the two frames. The structure of DGM follows an encoder-
decoder style, first downsampling the high-resolution input
images to obtain low-dimensional dynamic features, and
then upsampling them to obtain displacements between im-
age pairs, as shown in Figure 2. The basic block in DGM is
a stack of convolutional layers, batch normalization layers,
and nonlinear activation layers. Note that we normalize the
displacements before output, increasing the intensity of mi-
nor expressions and decreasing the intensity of major ones,
which plays a role of adaptive expression adjustment.

Similar to optical flow features, the displacement values
represent the relative pixel position shifts in x and y direc-
tions from onset frame to apex frame. To limit the range of
movable pixel positions and make the model easier to learn,
we multiply the output displacement in the range [-1, 1] by a
scaling factor �. Three loss components are set for the out-
put displacement: reconstruction loss Lrec, normalization
loss Lnm, and smoothing loss Lsm.

Let Fonset be the onset frame, Fapex be the original
apex frame, Dx;y be the displacement value at (x, y), and
Gs(Fonset; D) represents the approximate apex frame ob-
tained by bilinear sampling the onset frame according to
the generated displacement D. That is, bilinear sampling
moves the pixel at location (x, y) in the onset frame to
(x+Dx

x;y , y+Dy
x;y) of the approximate apex frame. Then
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