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Abstract— Encoding facial expressions via action units (AUs)
has been found to be effective in resolving the ambiguity issue
among different expressions. Therefore, AU detection plays
an important role for emotion analysis. While a number of
AU detection methods have been proposed for common facial
expressions, there is very limited study for micro-expression
AU detection. Micro-expression AU detection is challenging
because of the weakness of micro-expression appearance and
the spontaneous characteristic leading to difficult collection,
thus has small-scale datasets. In this paper, we focus on the
micro-expression AU detection and expect to contribute to the
community. To address above issues, a novel dual-view attentive
similarity-preserving distillation method is proposed for robust
micro-expression AU detection by leveraging massive facial
expressions in the wild. Through such an attentive similarity-
preserving distillation method, we break the domain shift
problem and essential AU knowledge from common facial AUs
is efficiently distilled. Furthermore, considering that the gener-
alization ability of teacher network is important for knowledge
distillation, a semi-supervised co-training approach is devel-
oped to construct a generalized teacher network for learning
discriminative AU representation. Extensive experiments have
demonstrated that our proposed knowledge distillation method
can effectively distill and transfer the cross-domain knowledge
for robust micro-expression AU detection.

I. INTRODUCTION

Micro-expressions are subtle and spontaneous facial move-
ments lasting less than 0.5s, which reveal people’s hidden
emotions in high-stake situations [6], [5]. Micro-expression
recognition has widely potential applications, such as clinical
diagnosis, national security and interrogations [5]. However,
there are ambiguities in micro-expression interpretation [4],
e.g., the brow lower may refer to tense or disgust, so direct
micro-expression recognition can be challenging [22]. Recent
researches demonstrate that encoding expressions through
facial Action Units (AUs) coded by the Facial Action Coding
System (FACS) [9] is effective for resolving the ambiguity
issue. In FACS, each expression is identified as a specific
configuration of multiple basic AUs [9]. For instance, the
sole inner brow raiser is sadness and the combination of inner
and outer brow raiser is surprise. Therefore, robust facial
AU detection is important for accurate facial expression
analysis [26], [34].

This work was supported by Infotech Oulu, National Natural Science
Foundation of China (Grant No: 61772419), Ministry of Education and
Culture of Finland for AI forum project, and Academy of Finland for ICT
2023 project (grant 328115). As well, the authors wish to acknowledge CSC
IT Center for Science, Finland, for computational resources.

Fig. 1. (a) Original and magnified micro-expressions; (b) An illustration
of the idea of dual-view co-training for AU detection.

In recent years, AU detection has achieved promising
performance with the development of deep neural net-
works [36] and plays an indispensable role in analyzing
common facial expressions in our daily life (also known
as macro-expressions ) [36], [17]. However, there is limited
research about micro-expression AU detection. Compared
with macro-expressions, micro-expression AU detection is
more challenging because of the subtle facial movements
and small-scale datasets which are far from enough to train
a robust network for AU detection. Fortunately, there are
large AU datasets, e.g. EmotioNet [8], including massive
facial images in the wild, regarded as macro-expression.
Since AUs are relatively objective encoding ways and the
micro- and macro-expressions are coded by the same FACS,
their semantic information is consistent. Obviously, there
should be a strong correlation between them. Therefore,
the information of macro-expression AUs can be utilized to
detect micro-expression AUs.

Knowledge distillation [1] has been proved as an effec-
tive approach to transfer information from pre-trained high-
capacity networks to achieve faster speeds and handle the
problems caused by the lack of labeled data. Inspired by
the success of knowledge distillation, Sun et al. [26] utilized
Fitnets to improve the micro-expression recognition perfor-
mance [25] through directly mimicking the macro-expression
representations. However, the appearance of micro- and
macro-expressions is different due to low intensity of micro-
expressions, directly mimicking the representation space of
the network pre-trained on macro-expressions is not rea-
sonable, because of the domain shift. Several works [20],
[18] applied subtle motion magnification [31], [23] to nar-
row down the gap between macro- and micro-expressions.
However, the magnification may introduce noises and defor-
mation, as shown in Fig. 1 (a), thus there is still a domain
shift between micro- and macro-expressions [25], [28].

Although the appearances of micro- and macro-expression
are different, the correlation between the samples is consis-
tent. Recent research [28] found that the correlation knowl-
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Fig. 2. Illustration of the DVASP transfer learning framework. The teacher and student networks are based on Res34 and Res18, respectively. ASP
knowledge distillation guides the training of student network for micro-expression AU detection with the pre-trained teacher network on EmotioNet [8]
through the Lasp loss computed on attentive pairwise similarity matrices within a mini-batch.

edge can be utilized for cross domain transfer learning.
On the other hand, as AUs correspond to specific mus-
cular activations of the face [9], it is crucial to focus on
the specific regions, thus attention learning is meaningful.
Inspired by above observations, instead of mimicking the
representation space of the teacher network, we proposed
a novel Attentive Similarity-Preserving distillation (ASP)
to effectively supervise the training of a student network
with a pre-trained teacher referring to domain shift without
extra learning burdens. In this way, the important correlation
knowledge can be transferred from macro-expressions to
micro-expression for better AU detection on small micro-
expression datasets.

Besides the transferring method, obtaining a generalized
teacher network to supervise the student model is very
important for successful knowledge distillation. To achieve
this, a semi-supervised Dual-view Co-training (DVCT) ap-
proach is developed to make full use of the massive labeled
and unlabeled facial images in the wild. As illustrated in
Fig.1(b), following common co-training methods [24], [21],
the DVCT generates two representations by different models
which highlight different cues for AU detection. Learning
such kind of dual-view representations can leverage unla-
beled facial images and obtain generalized AU representa-
tion. Finally, our proposed Dual-View Attentive Similarity-
Preserving (DVASP) transfer learning framework can effec-
tively transfer the dual-view AU knowledge learned from
generalized AU representation for robust micro-expression
AU detection.

The contributions of this paper are summarized as follows:

• We propose a novel attentive similarity-preserving
knowledge distillation approach which can effectively
distill and transfer useful semantics from massive faces
in the wild to micro-expressions under domain shift.

• A semi-supervised co-training approach is developed
to obtain a generalized network for AU detection with
massive unlabeled facial images in the wild.

• We validate our proposed AU detection method on two
public micro-expression datasets. The experimental re-

sults show the effectiveness of our proposed knowledge
distillation framework and advantages for small-scale
micro-expression AU detection.

II. RELATED WORK

A. Knowledge distillation

Knowledge distillation is a technique for assisting the
training of small networks (denoted as student network) by
capturing and transferring the knowledge of trained larger
deep networks (denoted as teacher network) [12]. Hinton et
al. first introduced the soft logits of the teacher as the extra
supervisory signal and encouraged the student to mimic the
logits of the teacher. Fitnets [25] extended the distillation to
features of intermediate layers to provide hints for improving
the training of the student model. Inspired by this, a variety of
knowledge distillation methods have been proposed through
matching features [30], [16]. Specifically, Zagoruyko and
Komodakis [15] proposed attention transfer which improved
the performance of student networks by forcing it to mimic
the attention maps of powerful teacher networks. Different
with above methods mimicking the representation directly,
Similarity-Preserving (SP) distillation [28] provided a robust
solution to the challenging domain shift problem through pre-
serving pairwise similarities within a batch to the student’s
representation space. However, SP only considers the corre-
lation of activations, ignoring the different contributions of
different local activation regions. The local regions on the ac-
tivation have unequal contributions to knowledge distillation,
especially for AUs which only trigger specific facial muscle.
Therefore, in this paper, we propose an attentive similarity-
preserving distillation approach to efficiently transfer the
informative activation correlation for better supervising the
training of student network without extra parameter learning.
Furthermore, considering the successful knowledge distil-
lation is attributed to the privileged information provided
by the teacher networks, DVCT is developed utilizing the
massive labeled and unlabeled facial images in the wild
to get generalized features for robust micro-expression AU
detection.



B. AU detection

Facial action units are defined as basic facial movements
formularizing multiple facial expressions [27]. The success-
ful AU detection can greatly facilitate the analysis of the
complex facial expressions. AU detection has been studied
for decades and many interesting methods have been pro-
posed. Considering AUs relate to specific facial regions [9],
recent studies highlight information obtained from local
regions better AU detection [37]. Zhao et al. proposed a Deep
Region and Multi-label Learning framework (DRML) [36]
to automatically obtain important facial regions through
exploiting a region layer. Additionally, since multiple AUs
may occur simultaneously on the face, certain facial regions
can become active together. LP-net [22] utilized the local
information and the relationship of individual facial regions
through Long-short-term model (LSTM).

However, all above approaches focus on macro-expression
AUs. There is limited research about micro-expression AUs.
Micro-expression AU detection became challenging because
of the low intensity of facial movements and small-scale
micro-expression datasets. Li et. al firstly [19] presented
to detect micro-expression AUs with Spatial and Channel
Attentions (SCA) for better capturing subtle local regional
changes. However, the performance of SCA is far from
satisfactory because of the limited micro-expression samples.
Inspired by successful facial expression recognition and AU
detection on large scale macro-expression datasets, several
works [26], [20], [38] were proposed to improve the micro-
expression recognition performance through taking advan-
tage of macro-expression images. Sun et al. [26] utilized
Fitnets [12] to mimic the intermediate features of the deep
network pre-trained on FERA2013 [29] to guide the shallow
network learning for micro-expression recognition. However,
the appearances of micro-expression and macro-expression
are different due to the low intensity of micro-expressions.
Therefore, direct representation mimicking is not reasonable.
Adversarial based domain adaptation [20], [38], [32] had
been employed to narrow down the gap between macro-
and micro-expression to obtain domain invariant features.
Specifically, SAAT [38] adopted CycleGAN [39] to generate
micro-expressions from different macro-expression datasets
and then the attention of the teacher model is transferred
to train the student model. But, the CycleGAN introduced
extra learning leading to increase complexity. In this paper,
considering the correlation and active facial regions are
consistent between micro- and macro-expressions, ASP is
proposed to transfer the informative activation correlation
for better supervising the training for micro-expression AU
detection under domain shift without learning additional
parameters.

III. PROPOSED METHOD

A. Overview of the transfer learning framework

As previous discussed, micro-expression datasets have
limited samples, which is not enough to train disriminative
features for AU representation. Considering the correlation

between AUs in macro-expressions and magnified micro-
expressions, we propose an attentive similarity-preserving
knowledge distillation to transfer AU knowledge from
macro-expressions to magnified micro-expressions through
[31] for roubst micro-expression AU detection. The whole
framework is consisted of a pre-trained teacher network and
a student network, shown as Fig. 2.

One of the key characters for knowledge distillation is a
generalized teacher network to supervise the student network.
Firstly, we develop a semi-supervised DVCT approach to
obtain a generalized teacher network for AU detection with
massive facial images in the EomotioNet dataset [24], [21].
As shown in Fig. 3, for each facial image with or without
AU annotations, different view features are generated via
two Res34 [11]. A multi-view loss L′

mv is utilized to enforce
the two Res34 to get complementary facial representations.
Furthermore, a co-regularization loss L′

cr is applied to con-
strain the prediction consistency of two views for unlabeled
images.

Then we transfer the dual-view AU knowledge from
the teacher network to the student network based on two
Res18 networks. During the transfer learning process, the
teacher parameters are frozen while the student parameters
are updated. As Fig. 2 shows, the knowledge is transferred
from the output of teacher network to the corresponding layer
of student network. On the test stage, the teacher network is
removed and the micro-expression AU detection is based on
the student network.

B. Teacher network

In this section, we introduce the DVCT for obtaining a
generalized teacher network for AU detection on EmotioNet
[8]. DVCT is a co-training method for semi-supervised
learning. The co-training approach [2] assumes that each
sample in the training set has two different views v1 and
v2, and both views are sufficient to learn effective models
[33] to represent the sample. That means: 1) The features
from different views are conditionally independent; 2) The
models trained on different views tend to have consistent
predictions.

As illustrated in Fig. 3, our DVCT algorithm utilizes
two Res34 to generate the dual-view features based on the
above mentioned co-training principles. Here, the large-scale
facial image dataset, EmotionNet D is introduced since there
are massive facial images with AU information. Here we
represent the dataset as D = L∪U , L and U are denoted as
facial images with and without AU labels, respectively. As
shown in Fig. 2, for each image in D, the dual-view features
are inputted to two fully connected layers (FC′

1 and FC′
2)

denoted as AU classifiers, respectively.
On the dataset L with AU labels, considering the AUs co-

exist and there is strong inference between AUs in macro-
expressions [8], [21], the multi-label sigmoid cross entropy
loss is utilized to recognize C AUs in EmotioNet. Further-
more, a selective learning strategy [10] is adopted to handle
the AU imbalance. Let p̂′i j denotes the probability for the
j-th AU of i-th view, the loss function for AU detection for



Fig. 3. An overview of the DVCT for AU detection. The losses L′
v1

and L′
v2 defined for labeled images are illustrated with dash lines. L′

cr is
defined for the unlabeled images. The loss L′

mv encourages the models to
be conditionally independent.

the i-th view is defined as:

L′
vi =− 1

C

C

∑
j=1

ac(p′jlog(p̂′i j)+(1− p′j)log(1− p̂′i j)), (1)

where ac is the balancing parameter calculated in each batch
[10]. p′j is the ground-truth probability for the j-th AU.
Specifically, p′j = 1 denotes occurrence of the AU and p′j = 0
absence.

For the unsupervised dataset U without AU labels, the
training is based on the co-training assumption that the two-
view networks have close predictions. Therefore, We utilizes
a co-regularization loss to minimize the distance between the
two predicted probability distributions which is measured by
Jensen-Shannon divergence [7]. The co-regularization loss is
formulated as:

L′
cr =

1
C

C

∑
j=1

(H(
ˆp′1 j +

ˆp′2 j

2
)−

H( ˆp′1 j)+H( ˆp′2 j)

2
), (2)

where H(p̂′) = −(p̂′logp̂′ +(1− p̂′)log(1− p̂′)) is the en-
tropy.

Another key condition of successful co-training is that the
multi-view features should be different and provide com-
plementary information. However, minimizing Eq. 1 and 2
only encourages the networks to output the same predictions.
Therefore, it is necessary to guarantee the networks to be
conditionally independent instead of collapsing to each other.
To achieve this, we orthogonalize the weights of the AU
classifiers of different views through a multi-view loss Lmv.

L′
mv =

1
C

C

∑
j=1

W ′
1 j

TW ′
2 j

∥W ′
1 j ∥∥W ′

2 j ∥
, (3)

where W ′
i j represents classifier weights for the j-th AU of

the i-th view. The final loss function of the teacher network
is formulated as:

Lteacher =
1
2

2

∑
i=1

L′
vi +λ

′
mvL′

mv +λ
′
crL′

cr, (4)

where λ ′
mv and λ ′

cr are hyper-parameters for balancing the
losses.

C. Student model

As micro-expression datasets have small number of sam-
ples, we distill the knowledge from the pre-trained dual-
view teacher network and transfer it to a relatively shallow
student network for micro-expression AU detection. During
the transfer learning process, the teacher parameters are

Fig. 4. ASP knowledge distillation

frozen while the student parameters are updated through two
parts of loss functions: micro-expression AU detection loss
and knowledge distillation loss.

1) Micro-expression AU detection loss: In consistent with
the teacher network, the student network also employs two-
view networks. Here, we choose two Res18 networks as
the feature generators for micro-expression AU detection.
Different from macro-expressions, the AU correlation is low
in micro-expression datasets [18] and has little contribution
for micro-expression AU detection. Instead of multi-label
learning [17], multiple AU detection in micro-expressions
should be viewed as multiple specific tasks based on multi-
task learning framework, shown as Fig. 2 (b).

For each image in the micro-expression dataset, two-view
features f1 and f2 are generated by two Res18 networks.
Then, N classifiers can be learned to predict the probabilities
of N micro-expression AUs using the features f1 and f2. Let
p̂i j denotes the probability obtained by softmax function for
the j-th AU of i-th view, the loss function for AU recognition
for the i-th view is defined as:

Lvi j =−p jlog(p̂i j)+(1− p j)log(1− p̂i j);

Lvi =
1
N

N

∑
j=1

Lvi j, (5)

where p j is the ground-truth probability for the j-th AU.
The final AU probabilities are decided by the sum of the

two-view features f1 and f2, denoted as fs. In consistent with
Lvi, p̂ j is denoted as the predicted probability for the j-th AU
and the loss of the AU probabilities based on fs is defined
as:

Lvs j =−p jlog(p̂ j)+(1− p j)log(1− p̂ j);

Lvs =
1
N

N

∑
j=1

Lvs j. (6)

Similar to teacher network, a multi-view loss Lmv is
adopted to encourage the different view features to be
different while complementary with each other. The multi-
view loss for N micro-expression AU classifiers is defined
as:

Lmv =
1
N

N

∑
j=1

W T
1 jW2 j

∥W1 j ∥∥W2 j ∥
, (7)

where Wi j represents the parameters of the j-th AU’s clas-
sifier of the i-th view. Finally, the main loss for micro-
expression AU detection is formulated as:

Lau =
1
2

2

∑
i=1

Lvi +Lvs +λmvLmv, (8)



2) Knowledge distillation loss: Tung’s research [28] had
verified that images of the same category tend to activate
similar channels in a trained network and the activation simi-
larities across different images can capture useful semantics.
Furthermore, AUs only relates with specific facial regions
[9]. Although the appearances of corresponding macro- and
micro-expression AUs are different, the active facial regions
are consistent and the active regions contribute more im-
portant AU knowledge. Therefore, an ASP is designed to
transfer the dual-view AU knowledge through preserving
attentive pairwise similarities, as shown in Fig.4. In this way,
useful correlation knowledge can be transferred from macro-
expressions to micro-expression for better AU detection on
small micro-expression datasets.

Recent researches [13], [15] demonstrated that the ab-
solute value of a hidden neuron activation can indicate
the importance of the neuron. In other words, the spatial
attention map can be constructed by analyzing the statistics
of absolute activation values across channels. In this paper,
the spatial attention are generalized through summing the
squared activations along the channel dimension.

Specifically, given a micro-expression instance, the activa-
tion tensors of the i-th view at a particular layer l produced
by the teacher and student networks can be denoted as
A(l)

Ti
∈Rc′×h′×w′

and A(l)
Si

∈Rc×h×w, respectively. c′ and c, h′

and h, and w′ and w are the channel and spatial dimensions
for teacher and student networks, respectively. A(l)

Ti
and A(l)

Si
consist of c′ and c feature planes with spatial dimensions
h′×w′ and h×w. The spatial attention maps are computed
by the following equations:

At(l)Ti
=

c′

∑
k=1

| A(l)
Ti k

|2, (9)

At(l)Si
=

c

∑
k=1

| A(l)
Si k

|2, (10)

where A(l)
Ti k

= A(l)
Ti
(k, :, :) and A(l)

Si k
= A(l)

Si
(k, :, :) are attention

maps of teacher and student networks, respectively. Further-
more, the attentive activation maps are defined as:

F(l)
Ti

= At(l)Ti
A(l)

Ti
, (11)

F(l)
Si

= At(l)Si
A(l)

Si
, (12)

where F(l)
Ti

and F(l)
Si

represent the attentive activation maps

of teacher network and student networks, respectively. F(l)
Ti

and F(l)
Si

puts more weight to the most discriminative parts
and tend to distill more valuable knowledge efficiently.

Given a mini-batch micro-expressions, let Q(l)
Ti

∈Rb×c′h′w′

denote the reshaped F(l)
Ti

and F(l)
Si

, where b is the batch size.
The ASP distillation loss is defined to guide the student
towards the activation correlations induced in the teacher,
through penalizing differences in the L2-normalized outer
products of Q(l)

Ti
and Q(l)

Si
which are computed through the

equations below:

G̃(l)
Ti

= Q(l)
Ti

·Q(l)T
Ti

; G(l)
Ti[p,:]

= G̃(l)
Ti[p,:]

/∥ G̃(l)
Ti[p,:]

∥2, (13)

G̃(l)
Si

= Q(l)
Si

·Q(l)T
Si

; G(l)
Si[p,:]

= G̃(l)
Si[p,:]

/∥ G̃(l)
Si[p,:]

∥2, (14)

where G̃(l)
Ti

and G̃(l)
Si

are b×b matrices. Specifically, the entry

(p,q) in G̃(l)
Ti

and G̃(l)
Si

encode the the activation similarities
at the l-th layer elicited by the p-th and q-th images in the
mini-batch. A rowwise L2 normalization is applied to obtain
the normalized G(l)

Ti
and G(l)

Si
, where [p, :] denotes the p-th

row in a matrix. We define the knowledge distillation loss
for the dual views as:

Laspi =
1
b2 ∑

l∈Γ

∥ G(l)
Ti

−G(l)
Si

∥2
F ; Lasp =

1
2

2

∑
i=1

Laspi , (15)

where Γ collects the layer pairs (layers at the end of the same
block of ResNet, as shown in Fig.2). ∥ · ∥2

F is the Frobenius
norm.

The total student loss Lstudent is defined as:

Lstudent = Lau +αLasp, (16)

where Lasp is the loss of student model guided by pre-trained
teacher network, and Lau is the loss of micro-expression AU
detection. α is hyper-parameter to for balancing the two sub-
tasks.

IV. EXPERIMENTS

A. Dataset and annotation.

The teacher network is pre-trained on the in-the-wild
EmotioNet dataset [8]. EmotioNet contains about 1M images
collected from the Internet, of which 20,722 face images
were labeled manually by experts for 12 AUs, including
‘AU1’, ‘AU2’, ‘AU4’, ‘AU5’, ‘AU6’, ‘AU9’, ‘AU12’, ‘AU17’,
‘AU20’, ‘AU25’, ‘AU26’ and ‘AU43’. All the face im-
ages without annotations are used as the unlabeled training
dataset.

We conduct the experiments for micro-expression AU de-
tection on the apex frames of CASME II [35] and SAMM [3]
datasets. The common AUs with the number of samples
no less than 10 are utilized in the experiments. CASME
II [35] includes AUs: ‘AU1’, ‘AU2’, ‘AU4’ , ‘AU7’, ‘AU12’,
‘AU14’, ‘AU15’ and ‘AU17’ occurred in ‘disgust’, ‘happy’,
‘surprise’, ‘angry’, and ‘others’ emotions. In SAMM [3]
dataset, we evaluate 101 samples including ‘AU2’, ‘AU4’,
‘AU7’, and ‘AU12’ to verify the effectiveness of the proposed
method.

B. Metrics

Following the previous methods for AU detection [22],
F1-score is applied as the evaluation metric for all the
experiments. We report the macro F1-score for each AU and
the averaged macro F1-score over all AUs.

C. Implementation

For the teacher network pre-trained on EmotioNet, the
Adam optimizer with learning rate of 0.001 is applied to
optimize the network by setting λ ′

mv = 400 and λ ′
cr = 100.

For the student network, we utilize the apex frames obtained
by [18]. All the student networks are pre-trained on Ima-
geNet [14]. During training, all the images are resized to



TABLE I
F1-SCORES ON CASME II FOR THE ABLATION STUDY

Methods AU1 AU2 AU4 AU7 AU12 AU14 AU15 AU17 AVG
Lv 0.628 0.641 0.858 0.460 0.621 0.598 0.516 0.640 0.620

Lv+Lmv 0.717 0.713 0.868 0.582 0.616 0.684 0.593 0.652 0.678
Lv+Lmv+Lasp 0.726 0.721 0.898 0.569 0.796 0.685 0.715 0.700 0.726

TABLE II
F1-SCORES ON THE CASME II DATASET. THE BEST IS INDICATED USING BOLD. RES18 IS THE BASELINE.

Methods AU1 AU2 AU4 AU7 AU12 AU14 AU15 AU17 AVG
Baseline [11] 0.589 0.762 0.827 0.487 0.593 0.642 0.481 0.629 0.626
Res34 [11] 0.551 0.692 0.832 0.554 0.628 0.567 0.522 0.629 0.622
Fit-18 [25] 0.655 0.743 0.791 0.468 0.617 0.624 0.539 0.576 0.627
Fit-34 [25] 0.575 0.661 0.732 0.572 0.634 0.563 0.609 0.527 0.609
SP-18 [28] 0.690 0.685 0.777 0.511 0.570 0.653 0.566 0.613 0.633
SP-34 [28] 0.565 0.580 0.814 0.552 0.574 0.580 0.625 0.73 0.628
AT-18 [15] 0.650 0.627 0.831 0.576 0.586 0.625 0.466 0.656 0.627
AT-34 [15] 0.590 0.602 0.807 0.528 0.635 0.594 0.476 0.767 0.625
SCA [19] 0.641 0.767 0.811 0.562 0.613 0.619 0.688 0.644 0.668

DVFT 0.595 0.761 0.873 0.522 0.606 0.662 0.610 0.788 0.677
ASP-18 0.766 0.717 0.818 0.535 0.553 0.681 0.609 0.636 0.664
ASP-34 0.577 0.695 0.810 0.497 0.580 0.679 0.567 0.713 0.640

DVASP-18 0.726 0.721 0.898 0.569 0.796 0.685 0.715 0.700 0.726
DVASP-34 0.666 0.704 0.881 0.643 0.691 0.653 0.435 0.752 0.678

TABLE III
F1-SCORES ON THE SAMM DATASET. THE BEST IS INDICATED USING BOLD. RES18 IS THE BASELINE.

Methods AU2 AU4 AU7 AU12 AVG
Baseline [11] 0.497 0.491 0.461 0.405 0.464
Res34 [11] 0.440 0.552 0.380 0.405 0.444
Fit-18 [25] 0.541 0.512 0.445 0.483 0.495
Fit-34 [25] 0.438 0.561 0.467 0.388 0.464
SP-18 [28] 0.428 0.642 0.381 0.495 0.487
SP-34 [28] 0.438 0.586 0.426 0.465 0.479
AT-18 [15] 0.472 0.605 0.435 0.380 0.473
AT-34 [15] 0.414 0.613 0.467 0.384 0.470
SCA [19] 0.457 0.592 0.439 0.532 0.505

DVFT 0.476 0.524 0.480 0.376 0.464
ASP-18 0.463 0.657 0.393 0.479 0.498
ASP-34 0.573 0.536 0.430 0.439 0.495

DVASP-18 0.478 0.675 0.481 0.447 0.520
DVASP-34 0.500 0.670 0.325 0.509 0.501

240×240 and then randomly cropped to 224×224 following
[22]. In the pre-processing step, the micro-expressions are
magnified with ratio 30, according to the research of [31].
The learning rate is set to 0.01 until 40 epochs for CASME
II and SAMM, respectively. We set λmv in Eq.8 to 100
and α in Eq.16 to 100 for balancing the losses. Following
common experimental settings for AU detection [22], all of
the experiments use the subject independent four-fold cross
validation following [19].

D. Ablation study

We provide ablation study on CASME II to investigate
the effectiveness of the key components (Lmv and Lasp) of
DVASP. The components are added step by step to the basic
model consisted of two Res18 with only two view losses
(denoted as Lv). The results of the ablation study are provided
in Table I.

From the results in Table I, it can be seen that a large
improvement is gained from the Lmv, with an average F1
score increased from 0.620 to 0.678. The results indicate
that complementary representations could be learned with
the help of Lmv, and improve the micro-expression AU

detection performance. Then, we further include Lasp on
the dual-view network with Lmv. The average F1 score is
further improved to 0.726. The results demonstrate that ASP
distillation can effectively distill and transfer AU knowledge
from macro-expressions to micro-expressions, and improve
the discriminative ability of AUs in small micro-expression
datasets.

E. Comparisons of methods

We conduct comparisons with ResNet [11], SCA [19],
Dual-view co-training fine-tuning (DVFT) [21], as well
as knowledge distillation methods based on Similarity-
Preserving [28], Attention Transfer [15], Fitnets [25]. The
AU detection results on the CASME II and SAMM datasets
are shown in Tables II and III, respectively. Specifically, ‘DV’
represents dual-view co-training. ‘-18’ and ‘-34’ stand for the
depth of student network. ‘Fit’ , ‘AT’, ‘SP’, and ‘ASP’ denote
the methods based on Fitnets, Attention Transfer, Similarity-
Preserving, and our proposed Attentive Similarity-Preserving
knowledge distillation, respectively. All the methods are are
implemented by us.

As shown in Tables II and III, the DVASP-18 improves



TABLE IV
VALIDATION THE EFFECTIVENESS OF DVCT

Methods AU1 AU2 AU4 AU7 AU12 AU14 AU15 AU17 AVG
Fit-18 [25] 0.655 0.743 0.791 0.468 0.617 0.624 0.539 0.576 0.627
DV+Fit-18 0.685 0.785 0.831 0.594 0.681 0.604 0.556 0.716 0.682
SP-18 [28] 0.690 0.685 0.777 0.511 0.570 0.653 0.566 0.613 0.633
DV+SP-18 0.778 0.737 0.876 0.573 0.619 0.684 0.653 0.631 0.694
AT-18 [15] 0.650 0.627 0.831 0.576 0.586 0.625 0.466 0.656 0.627
DV+AT-18 0.792 0.828 0.893 0.503 0.657 0.564 0.567 0.697 0.688

ASP-18 0.766 0.717 0.818 0.535 0.553 0.681 0.609 0.636 0.664
DV+ASP-18 0.726 0.721 0.898 0.569 0.796 0.685 0.715 0.700 0.726

Fig. 5. Visualization of micro-expression AUs. The red rectangle implies
the flailed AU detection.

the average F1-score of the baseline (Res18) by about 16%
on CASME II and 12% on SAMM, respectively. Moreover,
compared with the state-of-the-art micro-expression AU de-
tection method SCA [19], DVASP-18 enhances the perfor-
mances by 0.058 and 0.015 in terms of average F1-score on
CAME II and SAMM, respectively. The results demonstrate
the superiority of our proposed DAVSP-18. Specifically, our
proposed knowledge distillation method ASP-18 outperforms
Fit-18, AT-18, SP-18 by 0.037 and 0.003, 0.031 and 0.011,
and 0.037 and 0.025 on CASME II and SAMM in terms
of average F1-score, respectively. The results indicate that
ASP can effectively distill and transfer the AU knowledge
across macro- and micro-expression domains and the atten-
tive correlation encodes useful semantics for across domain
learning.

When comparing DAVSP-18 with ASP-18 with the teacher
network of Res34 pre-trained on labeled EmotionNet, our
proposed DVASP-18 improves ASP-18 by 0.062 and 0.022
in terms of the average F1-score on CASME II and SAMM,
respectively. This demonstrates that DVCT can improve the
generalization ability of the teacher network for better AU
representation.

In order to verify the transfer learning effectiveness of

DVASP, the DVASP-18 is compared with the DVFT fine-
tuning on the pre-trained teacher network. From Tables II
and III, it can be seen that DVASP-18 outperforms DVFT
on both CASME II and SAMM. Specifically, DVASP-18
reaches higher F1-scores in six out of eight AUs on the
CASME II dataset and all of the AUs on the SAMM dataset,
when compared with DVFT. In general, the results suggest
that the knowledge distillation method can perform better
than the pre-trained and fine-tuning transfer learning strategy
when the target domain data is insufficient.

In terms of the performance on individual AUs, in general,
DVASP-18 can achieve improvements on most of the micro-
expression AUs. Fig. 5 shows some example class activation
maps. It can be seen that the DVASP can focus on the
the accurate region of most micro-expression AUs. For
example, the baseline focuses on the wrong nose regions for
AU14 (Dimpler). The ASP-18 only learns features from the
left mouth corner. The proposed DVASP-18 focus on both
mouth corners through dual views v1 and v2. This further
verifies the effectiveness of DVASP for micro-expression AU
detection. DVASP-18 achieves relatively lower F1-score on
AU7 (Lid tighten) compared with other AUs on CASME II
and SAMM, this may be caused by the small active region
on lids and the similar appearance changes with eye blinking
and gaze change, shown as the last row in Fig.5.

Furthermore, from Tables II and III, we can see that
the Res18 based methods always outperform Res34 based
methods. The possible reason is that the micro-expression
AU datasets have limited subjects and a deep network may
suffer from over-fitting.

F. The impact of DVCT

To validate the effectiveness of the teacher network based
on DVCT, we develop a scheme to remedy the scarcity of
micro-expression datasets. The DVCT scheme is applied to
other knowledge distillation methods for fair evaluation. The
comparison results are shown in Table IV. It can be seen that
for all of the networks, the F1-score is improved with the
the teacher network based on DVCT. Specifically, DVCT
enhances the micro-expression AU detection performances
by 0.055, 0.061, and 0.061 for Fit-18, AT-18, and SP-18,
respectively. The large improvements verify the effective-
ness and generalization ability of DVCT. Moreover, our
method DV+ASP-18 also outperforms DV+Fit-18, DV+AT-
18, DV+SP-18 by a large margin (0.044, 0.032, and 0.038 on
CASME II in terms of F1-score, respectively), indicating that



DVASP provides a robust solution to distill dual-view AU
knowledge for micro-expression AU detection which refers
to domain shift.

V. CONCLUSION

Micro-expression AU detection becomes an important
and challenging task because of the small micro-expression
datasets. In this paper, we design a dual-view attentive
similarity-preserving (DVASP) transfer learning network for
robust micro-expression AU detection. The DVASP network
is able to efficiently identify micro-expression AUs with the
help of attentive similarity-preserving knowledge distillation
from macro-expressions. In addition, a dual-view co-training
approach is developed to obtain a generalized teacher net-
work for robust AU representation with massive labeled and
unlabeled facial images in the wild. Intensive experiments
demonstrate the effectiveness of our DVASP network. Fur-
thermore, micro-expression recognition performance can be
improved with the help of robust AU detection.
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