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Abstract

Micro-expression recognition (MER) is a highly challeng-
ing task in affective computing. With the reduced-sized
micro-expression (ME) input that contains key information
based on key-frame indexes, key-frame-based methods have
significantly improved the performance of MER. However,
most of these methods focus on improving the performance
with relatively accurate key-frame indexes, while ignoring
the difficulty of obtaining accurate key-frame indexes and
the objective existence of key-frame index errors, which im-
pedes them from moving towards practical applications. In
this paper, we propose CausalNet, a novel framework to
achieve robust MER facing key-frame index errors while
maintaining accurate recognition. To enhance robustness,
CausalNet takes the representation of the entire ME se-
quence as the input. To address the information redun-
dancy brought by the complete ME range input and main-
tain accurate recognition, first, the Causal Motion Position
Learning Module (CMPLM) is proposed to help the model
locate the muscle movement areas related to Action Units
(AUs), thereby reducing the attention to other redundant
areas. Second, the Causal Attention Block (CAB) is pro-
posed to deeply learn the causal relationships between the
muscle contraction and relaxation movements in MEs. Em-
pirical experiments have demonstrated that on popular ME
benchmarks, the CausalNet has achieved robust MER under
different levels of key-frame index noise. Meanwhile, it has
surpassed state-of-the-art (SOTA) methods on several stan-
dard MER benchmarks when using the provided annotated
key-frames. Code is available at https://github.
com/tony19980810/CausalNet.

1. Introduction
Expression is the manifestation of emotion directed toward
given stimuli [8, 10, 19, 41, 42]. In the real world, ex-

*Corresponding authors.

Figure 1. Compared with existing advanced methods, CausalNet
ranks first in both robustness and accuracy assessment on the com-
posite dataset including SAMM [4], CASME II [35] and SMIC
[13]. The robustness assessment is based on the mean values of
UAR and UF1 under three different levels of key-frame index er-
rors (see Sec. 4.2), while the accuracy assessment is through the
standard evaluation with the annotated key-frames (see Sec. 4.3).

pressions can be roughly divided into two types: macro-
expressions and micro-expressions (MEs). The former ex-
hibits strong facial muscle movements for a long duration
and is relatively easy to recognize. The latter is an invol-
untary, fleeting, and unconscious facial expression that oc-
curs when a person fails to control their facial expressions.
Therefore, the emotion conveyed by such expressions is rel-
atively more genuine [18, 21]. Nevertheless, when MEs oc-
cur, the muscle movements are weak, and the duration is
short (less than 0.5 seconds [5]), which poses a huge chal-
lenge for both humans and machines to recognize. There-
fore, accurately spotting and recognizing MEs is of great
significance in affective computing [14, 20, 23, 43].

Onset, apex, and offset frames correspond to the start,
peak, and end of the muscle movements in MEs respec-
tively. Based on the locations of these key-frames, key-
frame-based methods with the core idea of “less is more”
[15] filter out redundant frames without obvious expression
information and take partial ME frames as input (e.g., only
the apex frame [27, 32] and the onset-apex dynamic repre-
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sentation [1, 3, 6, 12, 24, 30–33, 37, 38, 45]). Owing to the
extraction of crucial ME information, these methods have
propelled the accuracy of MER to an entirely new level.
However, despite the significant improvement in the accu-
racy of MER, the recognition performance in the practical
applications of MEs has not been enhanced to the same ex-
tent. This has led us to rethink key-frame-based MER: In
the research on improving MER performance, is the default
use of relatively accurate key-frames annotated by experts
for MER in line with the requirements of practical appli-
cations? Has the great difficulty in obtaining accurate key-
frame locations and the impact of key-frame errors on MER
been overlooked? Regardless of the answers to the above
questions, an objective fact is that even among different ex-
perienced experts, because of individual biases, their key-
frame annotation results for the same ME sample will still
show certain differences. This implies that key-frame er-
rors are always present, whether through manual annota-
tion or by using automatic spotting algorithms. To quantify
and evaluate the impact of errors on existing methods, we
conduct experiments on the composite dataset of three ME
benchmarks [4, 13, 35] through two evaluation approaches:
manually introducing different levels of errors based on the
annotated key-frames provided by the datasets and using the
spotted indexes by the automatic spotting algorithm. Ex-
perimental results show that the recognition performance of
existing key-frame-based methods is severely affected (see
Sec. 4.2 for details). The low robustness of these methods
hinders their practical applications.

In this paper, we focus on key-frame-based MER and
propose CausalNet, a framework that is robust to key-frame
index errors and can maintain accurate MER at the same
time as shown in Fig. 1. In terms of robustness, Causal-
Net uses the onset-offset full ME sequence representation
(onset-apex optical flow (OF) and apex-offset OF) as the
input to achieve robust MER. Compared with partial ME in-
put like onset-apex frames or only apex frames, a complete
representation of MEs has better robustness in capturing the
key information of facial muscle movement. In terms of ac-
curate MER, we design two parts of networks: First, to en-
able the model to focus on the key areas and reduce atten-
tion to redundant information, we develop a causal motion
position learning module. It provides the model with the
position information of muscle movement by learning the
causal relationship between the directions of muscle con-
traction and relaxation in the onset-apex and apex-offset
phases. Second, to deeply explore the causal relationships
between onset-apex and apex-offset MEs and address the
weakening of the model’s perception ability of local fea-
tures as feature fusion deepens [26], we propose the causal
attention block. Its unique design enables the model to per-
ceive the overall temporal trend of MEs while maintaining
sensitivity to local key ME information.

In brief, the core contributions of our work are:
• We propose a novel framework using onset-apex OF and

apex-offset OF as inputs to achieve robust and accurate
MER facing key-frame index errors.

• We conduct a Causal Motion Position Learning Module
(CMPLM) to enable the model to focus on the key mus-
cle movement areas in different ME stages while ignoring
other redundant information.

• We present a Causal Attention Block (CAB) to learn
causal relationships of muscle movements between onset-
apex and apex-offset ME phases. The unique design helps
the model maintain sensitivity to local key information.

• We demonstrate the robustness of the proposed method
against key-frame errors of different levels. Meanwhile,
on standard ME benchmarks, the proposed method shows
competitive performance.

2. Related Work
Key-frame-based MER. According to the input, these
methods can be roughly divided into three categories: (1)
Apex-frame-based MER: Wang et al. [32] propose micro-
attention which guides the network to focus on crucial ex-
pression areas of apex frame for MER. (2) Onset-apex-
frame-based MER: Wang et al. [34] design a hierarchical
transformer network using multi-scale onset-apex OF fea-
tures, and Nguyen et al. [24] develop an unsupervised MER
training mechanism. Yet, due to the restricted ME sequence
representation range, these two types of methods are not ro-
bust against key-frame errors. (3) Onset-offset-frame-based
MER: Zhu et al. [46] split ME video clips, randomly select
frames from segments, and combine them with onset and
offset frames to represent MEs. The third kind of approach
provides a more comprehensive ME representation and bet-
ter resistance to key-frame errors compared to the previous
two. CausalNet belongs to this category but differs from ex-
isting methods by addressing information redundancy and
implementing causal relationship learning of MEs, enabling
more accurate MER.
Video-based MER takes video clips of ME sequence as in-
put. Zhang et al. [39] propose a spatio-temporal transformer
to learn ME relations in different ranges. Liu et al. [17] pro-
pose a self-supervised MER method via a temporal Gaus-
sian masked autoencoder, solving the problem of scarce
labeled data. Similar to the onset-offset-based approach,
video-based methods are relatively robust to key-frame in-
dex errors because of the complete ME input. However,
they can still be influenced because most of these methods
use key-frame indexes to crop or interpolate inputs (e.g.,
Zhang et al. [39] interpolate with onset, apex, and offset
frame indexes, and Liu et al. [17] select 16 frames as input).
Full-input methods face MER performance limitations and
high computational costs due to redundant information and
large data volume. Compared with the video-based meth-
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Figure 2. The overview of the proposed CausalNet with two main parts: the CMPLM (blue part) and the CAB (yellow part). CMPLM
takes the directional components of the two OFs as input. Through absolute positional cross attention, it obtains the AU-related posi-
tion information of the OFs and feeds them back to the CAB in the form of position embedding. The CAB has two components: (1)
Spatial-temporal causal attention conducts spatio-temporal information interaction on the bi-directionally concatenated onset-apex (yellow
features) and apex-offset features (green features). Due to the causal design in the temporal dimension, short-range (pure green and pure
yellow features) and long-range feature representations (yellow-green mixed features) are obtained. (2) Causal relation mining enables
information interaction among long-range features. Finally, the fully-connected layer classifies the concatenated features.

ods, CausalNet is not less robust than video-based methods
to key-frame index errors. In addition, it effectively tackles
information redundancy and shows stronger MER perfor-
mance.

Our study represents an initial endeavor to explore
the enhancement of robustness in key-frame-based MER
against key-frame errors. The proposed method aims to
maintain robust and accurate MER, both in the absence and
presence of key-frame errors.

3. The Proposed CausalNet

Enhancing the robustness against key-frame index errors
is a significant focus of CausalNet. As shown in Fig. 2,
CausalNet achieves robust MER by using onset-apex and
apex-offset OFs to represent the whole ME sequence. To
mitigate the focus of the model on redundant information
and maintain accurate MER, CMPLM is proposed to learn
AU-related position information through the OF direction
maps, thus reducing attention to non-expression areas. In
the CAB, the spatial-temporal causal attention is responsi-
ble for the information interaction. Meanwhile, based on
the causality in the temporal dimension, it generates short-
range and long-range feature representations, so as to per-

ceive the overall temporal trend of MEs while maintain-
ing sensitivity to local key ME information. Causal rela-
tion mining enhances causal relationship learning through
in-depth information interaction and mining of long-range
features.

3.1. Causal Motion Position Learning Module

Causal Relations in MEs. As shown in Fig. 3, we sepa-
rately calculate the motion direction from the OFs, and vi-
sualize the OF motion directions using different hues. The
visualized colors of the muscle movements in the AU re-
gions (shown within the red solid-line boxes) show that
the motion directions of muscles between the onset-apex
and apex-offset phases are almost opposite. This indicates
that the muscle movements in MEs follow specific patterns.
During the onset-apex phase, the muscles contract, while
during the apex-offset phase, the muscles relax. The direc-
tions of muscle movements in these two phases are almost
opposite, forming a causal relationship.

Building upon this discovery, we devise the causal mo-
tion position learning module, which takes the motion di-
rections of the onset-apex and apex-offset OFs as inputs.
The aim is to locate the AU-related muscle movement re-



Figure 3. ME sequence, corresponding OFs and OF direction maps. We use different hues to represent different angles of motion directions
of OFs in OF direction maps. In (a), the muscle movement directions of AU4 in onset-apex and apex-offset phases are basically opposite
(In our HSV color space, red roughly represents the upward direction and yellow-green represents the downward one). The same is true
for AU4 and AU15 in (b), and for AU4 and AU10 in (c). See Supplementary Materials for more visualizations.

Figure 4. Visualizations of M and P in StableMask [36] (a) and
absolute position cross attention (b).

gions by perceiving the changes in the motion directions
of AU-related muscles during the contraction and relax-
ation phases. Subsequently, through position embedding,
this valuable information is channeled to the main branch
of the model. This empowers the model to concentrate its
attention on the AU-related muscle movements, effectively
filtering out other redundant information. The module con-
sists of two distinct components: The direction encoder is
responsible for feature extraction of the OF direction map,
and the absolute positional cross attention enables informa-
tion interaction between the two OF direction features, so
as to keenly perceive the location details of the AU-related
muscle movement regions.
Introducing Absolute Position Information. Since the in-
put face images are all cropped and aligned, the approxi-
mate regions of AU positions in the images are relatively
fixed. In this scenario, the absolute position information of
image patches enables the model to precisely identify the
specific facial regions corresponding to different patches.
The introduction of it will empower the model to more
effectively capture the spatial relationships among facial
features, thereby enhancing the performance of MER. To
achieve this goal, inspired by StableMask [36] in natural
language processing, we introduce pseudo-attention scores
which converts the attention matrix into a non-right stochas-

tic matrix (the sum of the elements in each row is no longer
equal to 1) to encode the absolute position information.
Absolute Positional Cross Attention uses a sparse atten-
tion mechanism for local information interaction. It adds
pseudo-attention scores to the masked positions of the at-
tention score matrix to encode absolute positional infor-
mation. Specifically, after feature extraction by the di-
rection encoder on two OF direction maps, two feature
xpos1; xpos2 ∈ Rm 2 � D is obtained. m stands for the reso-
lution of the feature map and is equal to 2, while D denotes
the feature dimension. For xpos1 (same for xpos2), the ab-
solute positional cross attention can be expressed as:

PosAttn(Qpos1; K pos2; Vpos2) = eAposVpos2; (1)

eApos = SM(
Qpos1K T

pos2√
dk

⊙ M + P) ⊙ M; (2)

M (i; j ) =

(
1; if (x i − x j )2 + ( yi − yj )2 ≤ r
0; otherwise

; (3)

P(i; j ) =

(
0; if (x i − x j )2 + ( yi − yj )2 ≤ r
−j
; otherwise

: (4)

where K pos2 and Vpos2 are obtained through a 1×1 convolu-
tion of xpos2, while Qpos1 is obtained via a 1×1 convolution
of xpos1.

√
dk serves as the scaling factor. SM is the soft-

max function. ⊙ represents element-wise multiplication,
and M is a two-valued mask matrix to mask out certain lo-
cations according to the relative position of query (at i ) and
key/value (at j ) tokens. (x i ; yi ) and (x j ; yj ) are the spatial
locations of i and j . P is the two-valued matrix contain-
ing pseudo-attention score. Visualizations of P and M are
shown in Fig. 4 (b). 
 is a positive decay rate hyperparam-
eter. r is the neighborhood radius and equal to 1. After the
absolute positional cross attention, xpos1

0; xpos2
0 ∈ Rm 2 � D

are obtained.



How Pseudo-attention Score Encodes Absolute Position.
Since the original pseudo-attention is used together with the
causal mask (first of Fig. 4 (a)), to adapt to the sparse atten-
tion, we made changes to the P (second of Fig. 4 (b)). Here,
we prove that the modified P can still encode absolute po-
sition information using the same example in StableMask
[36]: whether the model can encode positional information
for an identical input sequence. let A i denote the real atten-
tion scores of the i−th row (A = QK T =

√
dk ), Pi denote

the pseudo-attention scores in the i−th row , and j means
the j −th column, we have:

X
SMA i [ P i (A i ) = 1 −

X
SMA i [ P i (Pi ) ; (5)

where SMA i [ P i (A i ) and SMA i [ P i (Pi ) are the real/pseudo
attention in each row. For an identical input sequence
X = [ x; x; x; x ] (in our scenario, X is an OF image that
contains 4 patches x),

P
i 6= j exp(A i;j ) remains constant as

i increases as each row has three equal real attention score
because of identical input (our M masks one query per row
), and

P
i = j exp(Pi;j ) for pseudo attention in mask position

increases as i increases (exp(−4
 ) < ::: < exp(−
 )), we
have

X
SMA i [ P i (A i ) >

X
SMA i +1 [ P i +1 (A i +1 ) ; (6)

which means after Eq. (2), the output attention values be-
come monotonic instead of being all the same:

eA(WV X )> = [ � 1v; � 2v; � 3v; � 4v] ; (7)

1 > � 1 > � 2 > � 3 > � 4 > 0: (8)

where WV is the weight matrix of V , and v is a single vector
within V . This indicates that P in our method is consistent
with the properties of StableMask. Different absolute posi-
tions have different sums of attention score, and the sum of
attention score changes monotonically as the absolute po-
sition increases, thereby encoding the absolute positions of
an identical input sequence.

3.2. Causal Attention Block
Spatial-temporal Causal Attention. As shown in Fig. 5,
this module first conducts sparse spatial information inter-
action, and its mechanism is consistent with that of the
absolute positional cross attention. Then, the module per-
forms causality-based information interaction in the tempo-
ral dimension to generate short-range and long-range repre-
sentations. Compared with self-attention, due to causality,
it ensures that as the feature fusion deepens, the short-range
features only focus on short-range information.

Specifically, after feature extraction by the encoder from
two OF images, a feature x ∈ R2� m 2 � D composed of two
tokens x0

1;2 ∈ Rm 2 � D is obtained. After adding the posi-
tional information from CMPLM, the two tokens are con-
catenated bidirectionally to get x for and xback as the input

Figure 5. Visualization of the proposed spatial-temporal causal
attention on forward-concatenated features. (a) for token 1 (onset-
apex OF) attention calculation, (b) for token 2 (apex-offset OF)
attention calculation. For illustration, we denote the query patch
in blue, and show the patches participating in spatial attention in
yellow, and those involved in temporal attention in green.

for spatial-temporal causal attention. The purpose of the
bidirectional features are to generate two short-range fea-
tures that focus on the apex-offset range and the onset-apex
range and two long-range features of the onset-offset range.
The formula for spatial attention is as follows:

SpatialAttn(Qs; K s; Vs) = eAsVs; (9)

eAs = SM(
QsK T

s√
dk

⊙ M + P) ⊙ M: (10)

where for the query (at i ) and key/value (at j ) tokens, t i =
t j . t i ; t j ∈ {1; 2} represents the temporal dimension for the
tokens.

For efficient temporal attention, we let tokens at the
same spatial positions interact as each token already holds
global information after spatial interaction. The interac-
tion adheres to causal attention, meaning previous tokens in
the temporal dimension don’t incorporate information from
subsequent ones. Specifically, we only calculate attention
for the second temporal-dimension token, and the formula
is as follows:

TemporalAttn(Qt ; K t ; Vt ) = SM(
Qt K T

t√
dk

)Vt : (11)

where for the query (at i ) and key/value (at j ) tokens,
(x i ; yi ) = ( x j ; yj ), t j ∈ {1; 2} and t i ∈ {2} because
the above-mentioned temporal attention is only applied to
the second OF feature to ensure causality. In the end,
yfor 0

; yback 0 ∈ R2� m 2 � D is obtained and divided into
yfor

1
0
, yfor

2
0
, yfor

2
0
, yback

2
0 ∈ Rm 2 � D . Due to causal-

ity, yfor
1

0
and yback

1
0 are the short-range features focus on

onset-apex and apex-offset OF respectively, while yfor
2

0
and

yback
2

0 are the long-range features focus on onset-offset OF.
Causal Relation Mining is proposed to deeply explore the
relation between the contraction and expansion of ME in
the long-range features through information interaction. In
terms of formulation, the process is as follows:



Figure 6. Results of robust MER evaluation under key frames with different levels of errors on the composite dataset (a and b) and
automatic key-frame spotting on CASME II (c). The compared methods are Dual-Inception [44], Micro-attention� [32], OffApexNet� [7],
OffTANet� [38], MMNET� [12], HTNet [34], SRMCL [1] and CausalNet. � represents that for these methods, relevant results of CDE
task with annotated key-frames have not been reported in their paper. So we reproduce the results based on the provided code.

ylong = SM(
yfor

2
0
yback

2
0T

√
dk

)(yfor
2

0
+ yback

2
0
): (12)

where ylong ∈ Rm 2 � D . In the end, ylong , yfor
1 and yback

1

are concatenated together to form yall ∈ R3� m 2 � D and
sent to a fully-connected layer for classification.

4. Experimental Results
4.1. Datasets, Protocols and Implementation Details
CASME II [35]. Captured at a sampling rate of 200 frames
per second, it comprises 247 ME samples from 26 individ-
uals of the same ethnicity.
SAMM [4]. Recorded at a frame rate of 200 frames per sec-
ond, the dataset features 159 samples from 32 participants
across 13 different ethnicities.
SMIC [13] contains 164 samples and includes participants
from 16 different ethnicities, with recordings from 3 partic-
ipants. The frame rate is 100 frames per second.
MMEW [2] includes 300 ME sequences from 36 partici-
pants with a frame rate of 90 frames per second.
Protocols. To facilitate comparison and assessment, this
work adheres to the standards set by MEGC 2019 [28]
and conducts three-class Composite Database Evaluation
(CDE) on the first three datasets and three-class and five-
class evaluation on MMEW (with extra training data from
CDE task) under the Leave-One-Subject-Out (LOSO) eval-
uation protocol. The validation metrics used are the un-
weighted F1 score (UF1), unweighted accuracy (UAR) and
accuracy (ACC).
Implementation Details. The OF images (with a size of
28×28×3) consist of three channels (horizontal, vertical,
and optical strain elements) [34]. The experiments are con-
ducted using PyTorch 2.2.1 and Python 3.8. In the training

stage, we set the learning rate to 5e-5 and use a maximum of
800 epochs with the adaptive moment estimation optimizer
[11]. 
 can be referred to in the code link, and we employ
HTNet [34] for all encoders.

4.2. Robust MER with Inaccurate Key Frames

Error Setting. We assume key-frame errors follow a nor-
mal distribution centered on the datasets’ manually anno-
tated key-frame indexes. We set standard deviations (STDs)
of 10, 20, and 30 frames and introduce them to apex, onset,
and offset frames on the composite datasets to analyze per-
formance changes of existing open-source state-of-the-art
(SOTA) key-frame-based methods [1, 7, 12, 32, 34, 38, 44]
and CausalNet. Given SMIC’s half data acquisition frame
rate of CASME II and SAMM, its STD is halved. It is
worth noting that MMEW is not involved in this experi-
ment. In addition to the manual error addition, we employ
the apex frame spotting algorithm [16] for apex frame lo-
calization to introduce key-frame errors from automatic de-
tection (single database evaluation using CASME II is con-
ducted here). The sequence range for spotting is the anno-
tated onset-offset sequences, where the predicted onset and
offset frames are 25 frames apart from the predicted apex
frame.
Robustness Evaluation under Key-frames with Errors.
In Fig. 6 (a) and (b), for manually-introduced errors on
the composite dataset, the results show that CausalNet is
in the leading position under the metrics of all three STDs.
Specifically, when the STD is 10, 20, and 30 frames respec-
tively, compared with the second-best method, the UF1 of
CausalNet has improvements of 2.70%, 1.85%, and 1.42%
respectively. In terms of the UAR, there are improvements
of 2.47%, 2.70%, and 2.01% respectively. In Fig. 6 (c), for
automatic apex-frames spotting on CASME II, CausalNet
also achieves the best result with improvements of 2.62%
and 1.06% for UAR and UF1 respectively, which demon-



Figure 7. Visualization of OFs and corresponding attention maps [29] in ground truth (GT) key-frames (red) and key-frames with errors
(blue) on the three kind of key-frame-based method. On the right side is the visualization of the GT and the key-frames with errors on
the time axis. For better visualization, we set the backbone to ResNet18 [9] and the input size of the OFs to 224×224×3. The AU regions
related to facial expressions have been marked with red boxes. Situations where there is less facial expression information in the apex
frame or OF due to key-frame errors have been labeled as “low quality”.

strates better robustness against key-frame errors.

Analysis of How CausalNet Achieves Robust MER. We
have listed three situations where the apex-based and onset-
apex-based methods are significantly affected by errors, as
shown in Fig. 7. In (a), the ME information is completely
outside the onset-apex range, resulting in the onset-apex OF
having no muscle information of AU 4. This will have a
huge impact on the methods based only on the apex frame
or the onset-apex OF. However, CausalNet encompasses
a more comprehensive ME motion range, making it more
probable to incorporate the peak muscle movement process.
The muscle movement information lost is compensated in
the apex-offset OF. In (b), since the onset frame with er-
rors is too close to the apex frame, the relative motion be-
tween the two frames is not obvious. As a result, the quality
of the calculated onset-apex OF is poor, which in turn af-
fects the onset-apex-based MER. However, the apex-frame-
based method and CausalNet show good robustness in this
situation. In (c), compared with the ground truth, the key-
frames with errors are shifted backward as a whole. As a
result, there is less facial expression information in the apex
frame, which has a significant impact on the apex-based
MER, while the onset-apex-based method and CausalNet
remain robust in this situation. In addition, the situations
where CausalNet is more robust to errors than other key-
frame-based MER methods are not limited to the above
three cases. The more comprehensive ME range input en-
ables CausalNet to have better robustness.

4.3. Comparision with SOTA Methods
The complete ME range input makes CausalNet more ro-
bust to key-frame errors. When the key-frame index is
relatively accurate, it also shown competitive performance
through CausalNet’s learning of the causal relationship of
ME in the onset-apex and apex-offset phases. With the an-
notated key frame index provided by ME benchmarks, we
compare our method with the existing SOTA methods on
three-class CDE task in Tab. 1 and three-class single dataset
evaluation task on MMEW in Tab. 2 (see Supplementary
Material for five-class results on MMEW). Note that all
datasets, we analyze the performance by averaging the re-
sults over five runs. The results demonstrate that Causal-
Net has achieved a leading position in all metrics on the
CASME II, composite, and MMEW datasets, and in some
metrics on the SMIC dataset.

4.4. Ablation Studies
To analyze the functions of each component within Causal-
Net, we conduct ablation studies with the annotated key
frames provided by the datasets. All the results are calcu-
lated from 5 independent runs, which are shown in Tab. 3.
Causal Motion Position Learning Module. After intro-
ducing it, the model improves UF1 by 0.61% and UAR by
0.70%, indicating that the module provides muscle move-
ment position information to the main branch, reducing re-
dundant attention and enhancing MER performance.
Spatial-temporal Causal Attention. After introducing



Table 1. Method Comparison on the CASME II, SMIC, SAMM and the composite dataset. The results of CausalNet are calculated from
5 independent runs, with the subscript representing the STD, and � is omitted. Other results are reported from the corresponding papers,
and we highlight for each of them the best and second-best methods. y indicates these methods are video-based methods. � indicates that
the relevant results are only retained to one decimal place in the corresponding papers. - indicates that the results are not reported in the
corresponding papers.

Method Pub-Yr
CASME II SMIC SAMM Composite

UF1 UAR ACC UF1 UAR ACC UF1 UAR ACC UF1 UAR ACC

FeatRef [45] PR 22 89.15 88.73 - 70.11 70.83 - 73.72 71.55 - 78.38 78.32 -

SLSTT-LSTM�y [39] TAC 22 90.1 88.5 - 74.0 72.0 - 71.5 64.3 - 81.6 79.0 -

FRL-DGT� [37] CVPR 23 91.9 90.3 - 74.3 74.9 - 77.2 75.8 - 81.2 81.1 -

RNAS-MER [31] WACV 23 89.85 90.78 - 74.43 76.20 - 78.80 82.35 - 83.02 85.11 90.29
� -BERT [24] CVPR 23 90.34 89.14 - 85.50 83.84 - 83.86 84.75 - 89.03 88.42 -

MFDAN [3] TCSVT 24 91.34 93.26 - 68.15 70.43 - 78.71 81.96 - 84.53 86.88 -

HTNet [34] NC 24 95.32 95.16 - 80.49 79.05 - 81.31 81.24 - 86.03 84.75 -

SRMCL [1] TAC 24 96.35 96.49 - 79.46 80.53 - 84.70 88.66 - 86.30 88.30 -

TGMAEy [17] ICME 24 95.97 95.62 - 82.25 83.44 - 84.15 78.85 - 87.90 88.02 -

EDMDBN [22] PRL 25 94.84 96.19 - 79.48 80.85 - 83.36 86.61 - 88.21 89.33 -

HFA-Net[40] CIS 25 97.38 97.54 - 77.86 77.86 - 90.02 89.38 - 88.00 86.60 -

CausalNet Proposed 97.48 0.90 97.82 1.05 98.210.62 84.051.31 84.331.25 84.271.32 87.081.03 85.221.15 90.830.98 89.300.72 89.410.84 90.770.65

Table 2. Method Comparison on the MMEW for three-class task. -
indicates that the results are not reported in corresponding papers.

Method Pub-Yr MMEW
UF1 UAR ACC

LD-FMERN [25] KBS 23 87.87 87.76 88.23
EDMDBN [22] PRL 25 92.16 - 92.70

CausalNet Proposed 93.100.57 92.150.48 94.440.30

Table 3. Results of ablation studies of causal motion posi-
tion learning module (CMPLM), spatial-temporal causal attention
(STCA), causal relation minining (CRM) and pseudo-attention
(PA).

CMPLM STCA CRM PA Composite
UF1 UAR

86.400.78 86.550.69
87.010.82 87.250.63
88.420.65 88.500.76
88.810.66 88.940.52
89.300.72 89.410.84

causal and sparse attention, the model achieves an improve-
ment of 1.41% in UF1 and 1.25% in UAR. The performance
gain comes from local and global temporal-scale feature
representations. Separating global and local information en-
ables the model to focus on global ME motion while staying
highly sensitive to local ME information.
Causal Relation Mining boosts the model’s performance
by 0.39% in UF1 and 0.44% in UAR, verifying that the in-
teraction between the two long-range features further en-
hances the relational learning of the entire ME.
Pseudo-attention boosts the model’s performance by

0.49% in UF1 and 0.47% in UAR, verifying that encod-
ing absolute information contributes to the improvement of
MER performance.

5. Conclusions

In this paper, we propose a novel framework using onset-
apex OF and apex-offset OF as inputs to represent complete
ME muscle movement for robust MER even with inaccu-
rate key frame indexes. The causal motion position learn-
ing module and the causal attention block are proposed to
enhance the attention of the network on key information to
handle the whole ME sequence input range. Our method
achieves robust MER under different levels of key frame in-
dex noise. Moreover, when using provided key-frames from
the dataset, the proposed framework shows competitive per-
formance in various standard ME benchmarks.

Limitations. Although CausalNet demonstrates better ro-
bustness against key-frame errors, it still remains ineffective
in handling cases where the expression lies entirely outside
the onset-offset interval (i.e., f rame errors

of fset < frame GT
onset

or f rame GT
of fset < frame error

onset ). In this situation, when
large key-frame errors are present, further increasing the in-
put range for MER provides limited improvement in recog-
nition performance. Instead, optimizing the spotting algo-
rithm or enhancing the training quality of manual annota-
tions is likely to have a greater impact on improving current
MER performance than refining the MER algorithm itself.
These tasks will be explored in future work.
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